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the form of trajectory data. With proliferation of location-enabled devices and ongoing 

growth in smartphone penetration as well as advancements in exploiting image 

processing techniques, tracking moving objects is more flawlessly achievable. In this 

work, we explore some domain-independent qualitative and quantitative features in raw 

trajectory (spatio-temporal) data in videos captured by a fixed single wide-angle view 

camera sensor in outdoor areas. We study the efficacy of those features in classifying 

four basic high level actions by employing two supervised learning algorithms and show 

how each of the features affect the learning algorithms’ overall accuracy as a single 

factor or confounded with others. 
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CHAPTER 1

INTRODUCTION

1.1. Motivation

We have huge amount of video data from extensively available surveillance cameras

and increasingly growing technology to record the motion of a moving object in the form

of trajectory data. With proliferation of location-enabled devices and ongoing growth in

smartphone penetration as well as advancements in exploiting image processing techniques,

tracking moving objects is more flawlessly achievable. Trajectories are constructed by cap-

turing the paths traversed by people or moving objects over a time period. The pattern

discovered from such data can be used to infer high-level goals, such as, traffic analysis, to

study social networks, understanding people or animal behavior and activity recognition.

Spatio-temporal information from trajectories, for instance, can be used in intelligent

transportation systems to study flows and congestion in highways, detecting lanes and walk-

ways and distinguishing between transportation modes [6]. Such data can also be utilized to

identify points of interests in retail stores or measuring how much attention has been drawn

to a new product or a display stand by looking at paths that end at a specific location and

the amount of time spent before they depart. The same idea is applicable to location-based

social networks or geosocial networks to pinpoint attraction points within a region or coor-

dinate users who share similar patterns in time series of their tagged locations. Trajectory

analysis has also been applied in zoology, as in [4], where the impact of roads and traffic

near animal habitats were studied by looking at the dense trajectories captured from a gang

of elk and herd deers and in [5], migration patterns of bald eagle is studied by analyzing its

locations at different times of the year.

1.2. Objectives

Domain dependency has become the default drawback together with performance of

the most advanced video analytics and activity recognition applications. This work attempts

to address the domain dependency issue by exploring some qualitative and quantitative
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features in raw trajectory (spatio-temporal) data in videos captured by a fixed single wide-

angle view camera sensor in outdoor areas. Because with such capturing methods the moving

objects —people, in the scope of this thesis— are quite small, the movements are intuitively

represented with single lines. The efficacy of those features are further studied in classifying

four basic high level actions by employing two supervised learning algorithms. The actions

are accompany, meet, met and follow. They are called basic, as for the most part, they are

foundations for more complex goals —for instance, two people exchanging a package after

meeting— which are beyond the scope of this study. By the end, the significance of each

feature is statistically evaluated.

1.3. Thesis Organization

The arrangement of this thesis is as follows:

In chapter 2, previous research related to trajectory-based activity recognition are

discussed. In particular, different constructions of feature vectors for trajectory data and

various learning algorithms that have been widely used and shown effective in this area, are

studied.

Chapter 3 defines the problem this work seeks to solve. The dataset used and how

the spatial data is collected are described in this chapter. Additionally, the structure of the

feature vector is explained and the innovative qualitative feature to represent the status of

the trajectory segments and their cross-points is introduced. At the end of this chapter, the

supervised learning algorithms utilized to test this approach are explained.

Factorial experiments are then exploited on results of the learning algorithms. Chap-

ter 4 explains the experimental design and provides detailed explanation of results. In this

chapter, the most statistically significant factor is identified and how each of the factors

affect the learning algorithms’ overall accuracy as a single factor or confounded with others,

are further studied.

This work is summarized in chapter 5 and some, but not all, of possible future direc-

tions where the framework of this research is applicable are presented.
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CHAPTER 2

TRAJECTORY-BASED ACTIVITY RECOGNITION

Trajectory-based activity recognition can be described in three levels. At the lowest

level, the objects’ locations are estimated by using location-estimation techniques on sensor

readings. The output of this layer will be used in the second layer where different repre-

sentative methods can determine trajectory segments, transportation modes and activities.

Information mining and searching for patterns in huge spatial data available from level one is

conducted in this layer. Various higher-level applications that can be built based on activity

data are the subject of the third layer. This work is focused on level 2 and level 3.

Existing work on trajectory-based activity recognition can be studied at the object

dimension and learning method dimension (supervised or unsupervised). Object dimension

expands on single-object and multi-object activity recognition. The difference lies in whether

the trajectory data are collected by one or multiple objects and the fact that the model

discriminates between objects [11].

2.1. Single-object Activity Recognition using Supervised Learning

In modeling trajectory data, sequence information plays an important role. In order

to detect a moving object’s transportation mode, i.e. ”Drive”, ”Bus”, ”Bike” and ”Walk”,

Zheng et al. propose to use a decision tree and sequence smoothing on GPS trajectory

data[12]. Moreover, using GPS data, the object’s trajectory is formed at every fixed time

slice t. Then, the feature vector Xt is created by calculating heading change rate which is

the percentage of changes in motion direction, and the stop and velocity change rate in each

time window. These features are derived from the heuristic that an object while walking

or biking, tend to change her direction more often than when driving a car or riding a bus.

Similarly, a walking object has more frequent stops and velocity change than one in a bus

and much more than one in a car.

Further, Zheng et al. model the location transition probability such that, the higher

the transition probability for two locations, the more consistent the transportation mode is
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for the traveler. This system achieves 76.2% overall accuracy in their experiments.

Another broadly used method in this field is, Dynamic Bayesian Network. Yin et al.

location-based activity recognition algorithm models the sensor-location-activity dependen-

cies with a dynamic Bayesian network[10]. In particular, the sensor data is used for location

estimation at the lower level of their two-level DBN, and the higher level, predicts the goal

of the object. More precisely, as shown in 2.1, a database is created from previous traces of

a user in their designated environment, consisting of sequences of raw signal values obtained

from base stations (double concentric circles in the figure) and high-level goals. From signal

data, user’s locations are estimated and from that, user’s action, such as, walk-in-hw1 or

enter-room-2, etc. , and finally the goal of the user, such as, print-in-room1 or seminar-in-

room2, etc. are to be inferred. The object location is predicted first, by using Naive Bayes,

given the WiFi signal strength values SST .

(1) P (Lt|SSt) = ΠN
j=1P (sst,j|Lt)

Then, using sequence of locations and an Expectation-Maximization algorithm, the

actions AT are inferred to be employed for goal prediction. In order to reduce the complexity

of the DBN to linear — since it is exponential in the number of hidden variables — a N-gram

model is applied to the higher level:

(2) G∗ = argmaxP (Gk|A1:t)

by applying Bayes Rule and when N = 2, the Bigram model is as follows:

(3) g∗ = argmaxP (Gk)P (A1|G)ΠT
i=2P (Ai|Ai−1, Gk)

2.2. Single-object Activity Recognition using Unsupervised Learning

Generally, in this category of learning models, only the input trajectory data, without

any corresponding activity label, are taken into account. These models try to output some

clusters or dimensionality-reduced representation of data that may denote some implicit ac-

tivity patterns[1]. K-means clustering is used in [3] to rank the effectiveness of some features

of accelerometer trajectory data in activity recognition. These features are some statistics
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Figure 2.1. Layout of office area

values such as mean, variance and spectral entropy, calculated on segmented trajectory data.

The better feature, ideally, would lead to having data from only one activity class, in each

cluster. The distribution of sample data corresponding to activity j in cluster i defined as:

(4) pi,j =
|Ci,j|

Σi|Ci,j|

and from that, the cluster precision for activity j is computed as

(5) pj =
Σipi,j|Ci,j|

Σi|Ci,j

which is a measure showing the efficacy of feature(s) used. If the cluster precision for an

activity is close to one, it indicates that there are many clusters mainly consisting of samples

for this activity, and it is shown, using features with higher cluster precision, will result in

better activity recognition.
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Figure 2.2. Structure of CHMM

2.3. Multi-object Activity Recognition

In this category, trajectory data are collected by more than one object and suggested

models aim to capture objects’ interactions. In [9] Coupled Hidden Markov Model is used for

concurrent activity recognition. In particular, sensor data is collected for each user into series

of observation vectors, in a smart home environment. Features including variance, energy and

correlation, are extracted from sensor readings and an observation vector f = o1, o2, ..., oT

is obtained for each object, where each oi has a label from a set of activities A1, A2, ..., Am.

Weng et al. factorize the basic HMMs, which the hidden variables are activity labels and

observables are features, into multiple channels to model objects’ interactions. As shown

in figure 2.2, the activity label at each state for one object is determined by, not only its

previous activity label, but also by the previous activity label of the object with which it is

interacting with.

6



CHAPTER 3

METHODOLOGY

3.1. Problem Definition

This work attempts to study the effectiveness of some qualitative and quantitative

features in identifying high level actions from the low level spatial data acquired from multi-

objects videos. For this purpose, VIRAT video dataset [8] is used. The dataset contains

two broad categories of activities (single-object and two-objects) including both humans and

vehicles. However, the focus of this study is on human-human interactions and by extracting

objects’ locations from the annotation data, it is assumed their positions are given.

3.2. VIRAT Dataset Description

There are several types of events and objects annotated in VIRAT Dataset. Objects

include people, vehicle (passenger car, construction vehicles, bikes and bicycles) and arbitrary

objects (bags and boxes loaded/unloaded from vehicles, etc.). For each object, ground truth

data includes:

– object’s type

– a unique —within one video file— identifier

– the corresponding frame number in which the object is visible

– duration of its constant visibility in terms of frames, before it goes out of the scene

– bounding box information

VIRAT also includes annotation data for 12 events, such as, person opening a vehicle truck,

person getting in to a vehicle and so forth. But, as mentioned in the previous section, non-

human objects are not of this work’s interest and it only attempts to model human-human

interactions where basic activities, such as, meeting or following, are recognized using motion

patterns.
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Figure 3.1. Four example scenes in VIRAT video dataset

3.3. Approach

3.3.1. Collecting Spatial Data

For each video file, human objects are selected from the corresponding annotation

data, and sorted based on their first frame of visibility.

Due to the characteristics of the desired actions, two objects are required to perform

them. Thus, every two concurrent objects are considered. Here, concurrent means, they are

happening within the same range of frame numbers or their start and end frame numbers

overlap. Moreover, the concurrent objects need to be within a reasonable distance to be

considered as interacting. In this work, that threshold is set as, half the maximum Euclidean

distance possible between two objects in a frame.

After pairing coexisting objects, trajectories are formed by their bounding box infor-
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mation. Each object’s trajectory is built by connecting the centers of its bounding boxes in

every frame, using straight lines.

3.3.2. Feature Extraction

Three features are studied between every two interacting objects and their trajectories

in every 60-frame or 2-second time window. Those features are:

• The status of the two oriented line segments with regard to their crosspoint at each

frame.

• Change of distance between the two objects by comparing the distance between their

startpoints and the distance between their endpoints. In other words, it indicates if

the distance between the two objects is increased, decreased or has not significantly

changed.

• The angle of movements or the signed angle between two oriented vectors connecting

the startpoint and endpoint of each object’s motion path.

Trajectories-Crosspoint Status

Fifteen states are defined to describe two lines and their intersection in the 2D en-

vironment. As shown in the figure 3.2 on page 10, relationships between trajectories are

described based on the location of their intersection point. It can be located ahead, on or

behind of both or one of the two line segments. There are situations where one or both

objects may remain stationary. Those cases are represented with none and the location of

the stationary object is used as the intersection point.

Change of Distance

Change of Distance (COD) is a nominal value describing the ratio of measuring the

final distance to initial distance of the two objects within the 60-frame time window (figure

3.3). The ratio is represented as below:

(6) COD =
final distance

initial distance

{ > 1.2 : increasing

< 0.8 : decreasing

otherwise : no change
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1) ahead-ahead 3) ahead-behind

4) on-ahead 5) on-on 6) on-behind

7) behind-ahead 8) behind-on 9) behind-behind

10) parallel 11) none-ahead 12) ahead-none

14) behind-none 15) none-none13) none-behind

2) ahead-on

Figure 3.2. Examples of fifteen-state representation of two lines and their

intersection point (trajectories-crosspoint statuses)
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Figure 3.3. Example of change of distance (COD) calculation

Figure 3.4. Example for obtaining angle of movements (ANG)

Angle of Movements

Angle of movements (ANG) is the signed angle in degrees between the two vectors

built by connecting the startpoints of each object to their corresponding endpoints and it is
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calculated by using their dot product and determinant (figure 3.4).

vec1 = ( x1,endpoint − x1,startpoint , y1,endpoint − y1,startpoint )

vec2 = ( x2,endpoint − x2,startpoint , y2,endpoint − y2,startpoint )

Dotproduct : dot = vec1,X × vec2,X + vec1,Y × vec2,Y

Determinant : det = vec1,X × vec2,Y − vec1,Y × vec2,X

(7) ANG = atan2 ( det , dot ) × 180

π
(−180◦ < ANG < 180◦)

3.4. Generating Dataset

The three features depicted above —trajectories-crosspoint statuses, change of dis-

tance and angle of movements— were employed in VIRAT videos to look for the following

four activities between humans:

• accompany (two objects walking together)

• meet (two objects come together)

• met (two objects move apart, normally happens after meet)

• follow (one object chases another one, or may simply walk along the same path as

the other object but not necessarily chasing it)

300 instances of these four actions were manually labeled and a dataset was generated consist-

ing of the trajectories-crosspoint statuses for each two line segments and their intersections

(figure 3.2) in 60-frame long trajectories followed by change of distance nominal value —

i.e. increasing, decreasing, no change— and the signed numeric value showing the angel of

movements for each of the instances. The conceptual framework to generate the new dataset

is shown in figure 3.5.

3.5. Learning Algorithms

Two supervised classification methods —Multilayer Perceptron and Simple Logistic—

were adopted as learning models.
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Figure 3.5. conceptual framework to generate new dataset

3.5.1. Simple Logistic

Linear logistic regression is a statistical method which models posterior class proba-

bilities for binary or multi-class classification. The model has the form

(8) P (Class = c | X = x) =
eFc(x)

ΣClass
k=1 eFk(x)

where Fc(x) are linear regression functions, and the coefficients are, usually, estimated using

maximum likelihood estimation. One way to find these estimates is based on the LogitBoost

algorithm. LogitBoost is a stage-wise estimation procedure for fitting additive logistic regres-
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sion models which generalize the above model to Fj(x) = Σmfmc(x). The fmc are arbitrary

functions of the inputs that are fit using simple or multiple linear least squares regression.

Since the likelihood function is convex, and this algorithm performs quasi-Newton steps to

find the maximum, it is run until convergence. SimpleLogistic algorithm use simple linear

regression and select the attributes that give the smallest squared error. Considering that

every multiple linear regression function can be written as a sum of simple linear regression

functions, the learning process is slower but it results in less complex model and prevents

overfitting of the training data.

3.5.2. Multilayer Perceptron

Multilayer Perceptron or MLP is a feed-forward (directed) artificial neural network,

consisting of at least, three layers with each layer fully connected to the next one. The layers

are called input layer, hidden layer(s) which contain neurons or processing units, and output

layer. MLP, unlike the standard linear Perceptron, can distinguish not linearly separable

data as it uses non-linear —sigmoid— activation function. Activation function maps the

weighted inputs to the outputs of each neuron and is described by the logistic function:

(9) f(xi) =
1

1 + e−xi

where xi is the weighted sum of inputs to the ith neuron. Learning in MLP is carried out

through backpropagation in conjunction with gradient descent as optimization method. The

error in the output is calculated with respect to the expected target value (label). Next,

using gradient descent, in attempt to minimize the loss function, the weights are updated.
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CHAPTER 4

EXPERIMENTS AND RESULTS

4.1. Experimental Design

In order to evaluate the efficacy of proposed features, the generated dataset was tested

with two supervised machine learning algorithms. Different combinations of the dataset

were utilized with both learning algorithms (Multilayer Perceptron and SimpleLogistic) to

highlight the effect of each feature with respect to the overall accuracy. Then, F-test was

performed to determine level of significance for each contrasted feature. [2, 7].

As covered in previous chapter, the dataset consist of sixty trajectories-crosspoint

statuses, one change of distance descriptor and angle of movements measurement. For each

machine learning algorithm, the model was built and the accuracy was computed next, based

on the following variations of the generated dataset:

• eliminating the trajectories-crosspoint statuses and using only the other two features

• eliminating the first 30 statuses and using shorter sequence

• phasing out change of distance feature

• and excluding angle of movements

Therefore, for the purpose of detecting the interactions between each factors, a 2×2×3

factorial design with complete randomization of trials, were employed. As mentioned, three

factors or independent variables (Table 4.1) were extracted, in which Change of Distance

and Angle of Movement, each have two qualitative levels (included and not included) and

trajectories-crosspoint statuses have three qualitative levels (not included, thirty-frame long

and sixty-frame long). The intuition behind choosing thirty and sixty frame long trajectories

is that, since walking humans direction tend to change with high frequency, especially when

examined every 0.03 of a second (frame by frame), by looking at every thirty frame (one

second) and sixty frame (two seconds), most occurring trajectories-crosspoint status(es) are

captured easier and the whole information within the time window is less susceptible to

noise. A set of runs of each learning algorithm, involving each factor set at one of its
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levels were conducted. A single measurement of the dependent variable —percentage of

correctly classified instances— is attained after each run. Further, in order to get statistically

meaningful results, each run on the same factor levels are repeated several times (5-fold cross

validation) with different initial conditions.

Factors Levels

Trajectories-Crosspoint

Statuses
{no states, thirty states, sixty states}

Change of Distance {included, not included}

Angle of Movement {included, not included}

Table 4.1. Experiment factors

The principle idea in experiment design is to check the total distribution of all re-

sponses against the distribution of a level of a given factor and, thus, get the level of signifi-

cance for that specific factor level. To compare variances or means squares, F-test is applied.

That is, dividing the factor mean square by the error mean square. Then, by referring to the

standard tabulation of F distribution, it is determined if the effect of a factor or combination

of factors is significant.

Table 4.1, is the Analysis of Variance (ANOVA) for SimpleLogistic algorithm. The

source column lists the factors individually and in combination that was tested for their

effect. A large F-statistic value indicates the significant effect of a factor and respectively,

the value in Sig. column which is less than 0.05 specifies the significant factor. As it is

shown in Table 4.1, Change of distance has the significant effect on classification accuracy.

The factors combination effect is demonstrated graphically.

Figure 4.2 shows the effect of trajectories-crosspoint statuses and change of distance

on the percentage of correctly classified instances, when the Angle of Movement is excluded.

As it is shown in the plot, by only using the trajectories-crosspoint feature, the accuracy

of the classifier was around 73 percent, and in fact, increasing the number of states, from

16



Figure 4.1. ANOVA table for SimpleLogistic algorithm

thirty to sixty, had small negative impact on the accuracy. Additionally, change of distance

feature, in the absence of the other two features, gained an accuracy of approximately 78

percent. By combining the two features, accuracy increased to 82 percent, when thirty

statuses were used, and 84 percent, when the whole sixty statuses were considered. Even

though trajectories-crosspoint statuses are not of significant effect on classification veracity,

this feature has visible positive effect on the accuracy of the learning algorithm.

Figure 4.3 displays the interaction of trajectories-crosspoint and change of distance

features in presence of angle of movements feature. As shown in the plot, by employing

only thirty statuses, when angle of movement is included, the accuracy was roughly 72.5

percent and expanding the number of states to sixty, slightly decreased the accuracy to

approximately 72 percent. Combining change of distance and angle of movement features,

resulted in accuracy of relatively close to 78.5 percent. By addition of thirty states, accuracy

17



Figure 4.2. Graph representation for factors results (excluding ANG) in

SimpleLogistic algorithm

of 84 percent was achieved and rising the number of states to sixty, caused a slight decrease

and accuracy of almost 83.5 percent reached.

In the case of Simple Logistic algorithm, angle of movements does not play a sig-

nificant role, as almost same accuracy scores were achieved in presence and absence of this

feature. Notably, when only thirty states of trajectories-crosspoint relationship, along with

change of distance and angle, were used, the accuracy score was equivalent to when sixty

states and only change of distance features were combined. Further, adding the angle of

movement to the latter case, produced some noise and accuracy decreased. This suggests, the

angle of movement feature can be utilized in place of thirty states of trajectories-crosspoint

18



Figure 4.3. Graph representation for factors results (including ANG) in Sim-

pleLogistic algorithm

to achieve a smaller feature vector.

For Multilayer Perceptron, different behavior of the learning algorithm was observed,

but the overall result is rather close to the one with Simple Logistic. In table 4.4, again,

different factors and their combinations are listed in Source column, and the confidence of

the model with respect to the independent and dependent variables, is shown in Sig. column.

Here, change of distance, again, is the significant factor, that shows 99 percent confidence

in the ability of the model to explain the dependent variable. The effect for the other two

factors and their possible combinations are not shown as significant. The factors interactions

are further studied with graphs.
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Figure 4.4. ANOVA table for Multilayer Perceptron algorithm

As figure 4.5 shows, when angle of movements was absent, the Multilayer Perceptron

algorithm, correctly classified 73 percent of instances by using thirty trajectories-crosspoint

statuses. The accuracy went up to 76 percent by increasing the number of statuses to sixty.

Then, by using only the change of distance feature, the Multilayer Perceptron algorithm,

gained an accuracy of 79 percent and by engaging thirty trajectories-crosspoint statues along

with change of distance feature, an accuracy of 85 percent was achieved. And, by raising

the number of statuses to sixty, accuracy of 86 percent obtained.

As shown in figure 4.6, in presence of angle of movements feature, Multilayer Percep-

tron algorithm behaves differently, with respect to the outcome of Simple Logistic algorithm.

Here, employing thirty trajectories-crosspoint statuses, resulted in 73 percent accuracy same

as the accuracy score in the absence of angle of movements feature, while using all the sixty

statuses, obtained accuracy of 75 percent, one percent less than when Angle of Movement

20



Figure 4.5. Graph representation for factors results (excluding ANG) in

Multilayer Perceptron algorithm

was excluded. On the other hand, utilizing change of distance and angle of movements

features resulted in highest averaged score with the accuracy of 87.5 percent. Interestingly,

including thirty trajectories-crosspoint statuses, reduced the score to slightly less than 85

percent and incorporating all sixty states, led to accuracy of 86.5 percent.

Although Multilayer Perceptron experiments’ results, when all three features in-

cluded, are quite close, but this learning algorithm shows more promising outcome with

the angle of movements feature.
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Figure 4.6. Graph representation for factors results (including ANG) in Mul-

tilayer Perceptron algorithm
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CHAPTER 5

CONCLUSION AND FUTURE STUDIES

This study established a domain-independent feature set in human objects’ move-

ments to predict four preliminary actions between two objects, with promising accuracy

levels. More specifically, by only looking at trajectories, the following actions can reliably

be classified with supervised machine learning approach: accompany, meet, met: one or both

objects depart from each other and follow.

For experiments, the VIRAT video dataset was mainly used. First, as the nature

of aforementioned actions requires, all concurrent human objects were grouped. Among

concurrent objects, those located within a distance threshold —to be considered for such

actions— were paired. After constructing each object’s trajectory, the following features

were extracted from each pair’s moving paths:

– the status of trajectory line segments and their crosspoints:

– A 2 seconds long trajectory consists of 60 line segments. The crosspoint of each

pair can be ahead or on or behind of each of the lines. There can be a case where

one or both of the objects have no movements and therefore no crosspoint is

available and state of none is assigned. A temporally ordered sequence of those

states is constructed for each pair.

– the change in objects’ initial distance to their final distance after two seconds: in-

creasing, decreasing or no change

– the angle in degrees between two vectors connecting each object initial position to

their positions after two seconds

Next, 300 instances of aforesaid actions, conducted by each paired objects, were manually

labeled and a dataset consisting of the three inventive features and action labels generated.

Then, the dataset was fed to two supervised machine learning algorithms: Simple

Logistic and Multilayer Perceptron. To verify the competency of the proposed features

and how statistically significant they are, factorial design with complete randomization of
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trials were employed. Based on conducted experiments, change of distance found to be

the most significant feature. The other two features, while not proved to be statistically

significant, had interestingly different outcomes on each of the classifiers. Simple Logistic best

classification accuracy, 84 percent, achieved when half of the trajectories-crosspoint statuses

along with change of distance and angle of movements were used. Multilayer Perceptron,

on the other hand, correctly classified 86.5 percent of the instances by using the full feature

set, but, excluding trajectories-crosspoint statuses, improved the score to 87.5 percent.

Each of the classifiers would benefit from more instances of studied actions, as the gen-

erated dataset in this study has uneven numbers of each actions and increasing the quantity

of less frequent actions will improve the overall accuracy of the system. For future direc-

tions, to further enhance this feature set to be extensible and adaptable to new domains,

more similar fundamental actions that can aid the interpretation of the reason behind hu-

man movements, such as passing near, can be added and tested for consistency with this

framework.

In chapter one, some domains were suggested where this framework could potentially

be applied to. Here the adaptability of this work is further discussed. In traffic monitoring

context, the point of accident or congestion will be treated as the stationary point where

vehicles trajectories stop and large number of ”meet”s happen there. Also, ”meet” and

”met” patterns can be applied to vehicles approaching a virtual line and departing from

that, for vehicle counting. Same concept is easily applicable to point of interest detection in

retail stores where a popular product is placed or a new product should be advertised.

Moreover, by using the proposed feature set on animal trajectories and in essence

looking for ”accompany” action, collective animal behaviour (flocking) can be effectively

studied to, for instance, capture birds migration pattern. In addition to flocking, herd

behaviour (tendency for individuals to mimic the actions —rational or irrational— of a

larger group) and mass panic behaviour (the acute stress response which has dominated

reasoning and logical thinking) can be discovered and explained by the proposed approach

in this work.
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As previously mentioned, the focus of this work was to identify low to mid-level

actions which are not primarily the main interest of action recognition systems but they are

largely found as part of high-level actions in human interactions. However, combining these

basic actions can often perfectly describe what surveillance systems are looking for. For

example, attacking in some cases, can be illustrated as a sudden ”meet” done by attacker to

the attackee followed by sudden ”met”, or better to say ”depart”, by the attackee from the

attacker. Surely, there are more instances of such case.

One viable objective for future studies, after collecting trajectories in a specific do-

main, would be building a database of paired objects and having the sequence of the features

on trajectories stored, so that, for instance, one can query the database for the object that

has had the most meet. Since the method used to extract the features, differentiates be-

tween objects (both in trajectories-crosspoint and angle of movements features), this will be

practical.

In conclusion, this study proposed an innovative set of qualitative and quantitative

features in moving objects trajectories with encouraging results in classifying pairwise low to

mid-level actions. This set of features is domain-independent and is extracted with compu-

tationally inexpensive algorithms. As shown in this chapter, this method is quite extensive

and applicable to many domains. Every little movement has a meaning all its own.
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