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Abstract

Efficiency of a computer vision system depends on accuracy of information extraction and
data processing capabilities of the computer vision system. A camera frame capturing an object
of interest in the center of a field of view carries the maximum information of the object. Thus,
to enhance the accuracy of the information, the system requires continuous reconfiguration of
configuration spaces of one or more camera sensors deployed in the system. However,
identification of the object requires processing images, and the position of an object of interest
in the frame can change dynamically. Thus, reconfiguration of configuration space is difficult
for real time applications. A computer vision system capable of re-configuring its configuration

space (i.e., through dynamic calibration of camera sensors) is known as an active vision system.

For a better understanding of an event (or scene), the active vision system further requires
association of various activities detected by the camera sensors temporally, which requires high
processing capabilities to perform accurate spatiotemporal analysis of various image frames
captured temporally by different camera sensors. Such systems rely on high computational
complexity models and require enormous resources (such as Artificial Intelligence based
systems). Systems deployed in mobile environment have limited resources (i.e., limited power
supply, storage and processing capabilities), and thus are incapable of performing tasks with
higher computational complexity, and thus lack efficient reconfiguration of camera sensor
parameters (i.e., the configuration space) which leads to images (or frames) being captured
with very low information of the objects of interest, yielding low performance and accuracy of
the system. To address the aforementioned problem, this thesis presents a computer
implemented framework (i.e., Spatiotemporal Activity Mapping (SAM) framework) that
enables pixel-wise sensitivity allotment based on spatiotemporal activity analysis of frames

captured over a flexible time period. The SAM framework presents various filters efficiently
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designed with very low computational complexity for accurate detection of areas of interest,
for re-configuration of calibration parameters. The SAM framework presents a flexibility of
selection of the criticality of activities detected by the system, and thus is effective in a variety
of computer vision applications such as road surveillance, sports analysis, ambient living

applications, and the like.

Model-based systems only work in known conditions and fail miserably in unforeseen
conditions. Systems employing Atrtificial Intelligence (Al) can manage to tackle unforeseen
environments, however, such systems require iterative training to learn and train to develop
understanding of new events and activities over a long period of time, and thus are not reliable
for real-time applications. Thus, the contemporary systems lack real-time reconfiguration of
configuration space for an adequate scene understanding of a new activity or event. To address
the aforementioned problem, this thesis presents another computer implemented framework
(i.e., Adaptive Self-Reconfiguration (AdapSR)) framework that enables a number of computer
vision systems to exchange information and data sharing, and thus learn to tackle an unforeseen
condition at a very high rate. The AdapSR framework is fairly efficient in performance for
applications employing higher computational and storage capabilities for high levels of
accuracy and fast learning such as driverless navigation, adaptive activity analysis, and the like.
The AdapSR framework further provides a concept of decentralized network of active vision
systems that enables establishment of standardization of protocols for a plurality of computer

vision applications associated together over a blockchain network in near future.

Thus, by developing these novel techniques and framework models, all major issues regarding
self-reconfiguration of computer vision systems have been addressed. This thesis incorporates

the developed techniques and their performance evaluation along with future directions.
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Chapter 1

INTRODUCTION

Sight is considered as the most powerful sense of a human being. The reason behind sight being
the most powerful sense is the content of visual information in each vision (or visual frame)
captured through the sight. The visual information is processed by the human brain to derive an
understanding of the captured scene. A computer vision system is an artificial system that tries
to mimic the functionality of a human vision system. According to Reisslein et al. in [1],
computer vision systems are distributed systems configured to extract visual information from

data sensed by a plurality of cameras via co-operative sensing in real-time.

With advancement of technology and processing capabilities of artificial systems, computer
vision has found new domains of applications in the last two decades. Today, computer vision
systems find applications in the areas of surveillance for security and detection of trespassing
[2], driverless vehicles [3], sports analysis [4], healthcare robotics, aviation, ambient living [5],
tele-immersion, disaster management, situation cognizance [6] and many more. A survey in [2]
reports an estimated 7.6% annual growth of computer vision applications (in terms of
Compound Annual Growth Rate (CAGR)) from 2020 to 2027 based on the progressive growth

of computer vision applications observed in recent years.

Computer vision systems [7] commonly utilize one or more camera sensors coupled to

processing circuitry (such as a processing unit or a data processor) having a combination of



software-hardware components capable of image processing to derive a desired functionality.
The camera sensors of the computer vision system are configured to capture one or more image
frames (bearing information of the scene) of a desired environment (e.g., scene) and provide
the image frames (hereinafter interchangeably referred to as “frames™) to the processing
circuitry for further processing. The processing circuitry of the computer vision system is
configured to perform one or more data processing tasks on each frame to derive an
understanding of one or more activities in the environment of the captured scene. More
specifically, the processing circuitry receives sensed data (or image frames) from the camera
sensors, combines the sensed data, and performs data processing to obtain visual understanding
of the scene. The computer vision system is generally coupled to a control circuitry (e.g., an
actuation unit) that receives the visual understanding of the scene from the processing circuitry
and performs one or more actions based on the functionality of the system. The aforementioned

process flow of a typical computer vision system is shown in Figure 1.1 hereinbelow.

Sensor 1
Sensor 2
Data Fusion —— Visual Data Visual Control
Processing Understanding Circuitry
Sensor 3
Sensor N

—— Raw Data from the sensors
—— Fused raw data for visual processing (pre-processed)
— Processed visual data

— Control signal for specific functionality

Figure 1.1 Process flow of a Computer Vision application



Performance of the computer vision system depends on accuracy of data extraction (in terms of
the information content of objects of interest in the frame) and the computer vision system's
data processing capabilities. High accuracy of the captured data demands continuous
reconfiguration (e.g., calibration) of the configuration space of the computer vision system's
camera sensors in response to the activity detected by the computer vision system. As a person
skilled in the art will appreciate, a frame with an object of interest captured in the centre of the
field of view (FoV) of the camera sensor bears the maximum information about the object of
interest (as the camera sensor captures the object in the centre of its field of view with highest
resolution). Thus, a timely re-configuration of the configuration space is required to maximise
the information contained in each frame and enhance the efficiency of the computer vision
system. To achieve the aforementioned, the computer vision system must be competent enough
to derive a configuration state (through configuration space of the camera sensors) based on the
scene understanding derived by processing the previous frames captured by the sensors and

calibrate its configuration state accordingly for the upcoming frames (i.e., self-reconfiguration).

To address the aforementioned issues concerning, we have conducted our research and
developed several techniques for adaptive self-reconfiguration of smart camera networks

employed in computer vision applications with low latency.

1.1 Active vision

A human vision system sends impulse responses to the vision system by processing the visual
data, and thus in response, the human vision system changes the field of view for the upcoming
events accordingly. Similarly, for a computer vision system, it is critical to understand what to
look at (i.e., identify the objects of interest) and where to look for (i.e., determine regions of
presence of objects of interest in field of views of the camera sensors). Each camera sensor has

a configuration space that includes internal calibration parameters (such as aspect ratio,



aperture, focal length etc.) and external calibration parameters (such as orientation, rotation,
translation, Pan, Tilt, Zoom etc.). To capture scenes with maximum information of the objects
of interest (i.e., at highest resolution), the camera’s configuration space (i.e., the internal and
external calibration parameters) must be adjusted in accordance with the information of the

objects of interest derived by processing the frame.

Active vision systems [8] (also known as ‘active computer vision systems”) are computer vision
systems capable of calibrating (or re-configuring) the internal and external parameters (i.e., the
configuration space) of their camera sensors to alter viewpoints of the cameras according to the
functionality of the system. Operations of active vision systems can be classified into two
fundamental levels: a deployment level (i.e., for data extraction and calibration of the camera
sensors) and a processing level (i.e., where the visual processing takes place to derive an
understanding). Thus, the challenges associated with designing an ideal active vision system is
also categorised into two types (i.e., the challenges associated with the deployment of the active
vision system [9] and the challenges associated with data processing [2]). The first type of
challenges [9] is associated with sensor node reconfiguration in order to obtain sensor data
containing optimal information in relation to each camera's resource limitations. The second
type of challenges [2] is associated with the data-processing level of operation to maximize the
scene understanding of while keeping computational complexity as low as possible. As a result,
an effective active vision system necessitates deployment efforts at both the hardware and
software levels. Therefore, to design an efficient and adaptive self-reconfigurable active vision
system, there is a requirement to understand the taxonomy of operational levels of active vision
system, the challenges at each level, and effects of enhancement at one level of deployment to
other levels. Figure 1.2 depicts a multi-tier taxonomy of challenges for active vision systems

employing camera networks based on the aforementioned operational classification.



Active Vision Challenges

Deployment Level Challenges Processing Level Challenges
| Selection of
—1{ Sensors Placement Processing Platform
—  Sensors Modelling Scene
Reconstruction
— Sensors Calibration -—! Localization
— Objects Detection
Parameter Estimation
and Correction | Visual Processing - — Objects Tracking
Resource :
1 Ontimizt —  Task Load Balancing Pose and Behavior
ptimization ) .
Activity Estimation
Recognition/ Visual Objects Re-
—1 Occlusion Handlin — : —
: Understanding identification

Figure 1.2 Classification of challenges in Active Vision Systems

As shown in Figure 1.2 hereinabove, enhancement of the efficiency of active vision systems
demands attention at the deployment level as well as the processing level. Further, the inter-
dependence of the calibration of the camera sensor’s configuration space and the processing
performance of the active vision system makes it more difficult to develop an idol adaptive and
self-reconfigurable active vision system. Thus, an objective of this research is to derive an
accurate relationship between the calibration of configuration spaces of the camera sensors and

the spatiotemporal activity analysis of the scene without high computational complexity.

Another objective of this research is to design an efficient framework for adaptive self-
reconfiguration of active vision systems with capabilities of information and data sharing to

enhance the learning rate of the systems to tackle an unforeseen condition in near real-time.



Yet another objective of this research is to enable standardization of operational protocols
(through a framework) for a plurality of active vision systems associated together over a

decentralized network to enhance security of data and information sharing.

Yet another objective of this research is to design a simple autoencoder model to sufficiently
compress the size of data to be shared between the plurality of active vision systems in the
decentralized network without a high burden of computational resources on the active vision

system.

1.2 Research Motivation

An active vision system employing a multi camera network results in an increase in the
availability of frames captured by the plurality of camera sensors, thus the possibility of
obtaining better information from the captured frames is increased. However, processing
enormous data from the plurality of frames also increases the computational load of the active
vision system. Further, a higher degree of freedom (e.qg., flexibility or movability) of the camera
sensor enables capturing frame with enhanced accuracy in terms of the information of the
objects of interest in the frame. However, a higher degree of freedom of the camera sensor
increases the calibration parameters of the camera sensor and thus increases the computational
complexity and load of the system. An active vision system employing a single fixed camera
has much lower computational load and thus faces fewer deployment challenges than an active
vision system employing a network of mobile Pan-Tilt-Zoom (PTZ) cameras. However, an
active vision system with multiple camera sensors with flexible movement can have occlusion-
avoidance capabilities that the active vision system with a single camera for sensing may not

have.

As for near real-time applications, re-configuration of calibration parameters based on the

understanding of scene and the objects of interest is very difficult (especially for systems with



limited resources), contemporary active vision systems rely on a user-defined prioritized area
of interest. Such systems enable a user to select the prioritized area in the field of view of each
camera, either prior to the deployment of the system or while operation of the system. However,
such systems require a constant need of a personnel (i.e., the user) to monitor the environment

under observation.

As computer vision systems [7] aim to leverage human efforts by developing an understanding
of events through the processing of data obtained from a number of sensors, the aforementioned
scenarios compromise on the basic fundamental of computer vision system. An ideal active
vision system must be capable of deriving information of the scene and calibrate the
configuration spaces of the camera sensors based on the derived information. High
computational complexity of the active vision system for image processing being the major
issue here must be addressed appropriately. Further, to match the human intellect, the active
vision system must be adaptive and capable of associating the temporally derived information

for re-reconfiguration of camera sensors.

Model-based computer vision systems only work in known environments and fail miserably in
unknown environments. Systems that use Artificial Intelligence (Al) can deal with unexpected
situations, however such systems require iterative training to learn and train over time to
develop understanding of new events and activities, making them unsuitable for real-time
applications. For an adequate scene understanding of a new activity or event in real time,
modern computer vision systems lack real-time reconfiguration of configuration space. As a
result, techniques for near real-time adaptive reconfiguration of sensors for capturing data with
optimal information are required to derive optimised information about the objects of interest
and enhancement of the system’s quality of service (QoS). In addition, adequate research on

optimal resource utilisation for computer vision systems with limited resources is lacking.



1.3 Research Problem

The challenges of designing active vision systems are vastly divided into two broad categories
(as shown in Figure 1.2 as deployment level challenges and processing level challenges) that
are interdependent. However, the base problem is the computational complexity and load on
the processing circuitry for reconfiguration of calibration parameters based on the scene
understanding. Each computer vision system is specifically designed to address specific sets of
challenges based on its functionality, and thus requires different specifications and capabilities.
For example, a surveillance system used in military defense may require a mobile carrier for
the computer vision system (such as a drone) with limitations on computational, battery and
storage resources, whereas a surveillance system employing computer vision for ambient living
installed in a facility may be powered by constant power supply and may not require high
computational and/or storage resources based on the limited functionality of the system.

Thus, the broader problem of self-reconfiguration of the camera sensors can be categorized into
two classes: (i) Self-reconfiguration of active vision systems with limited resources, and (ii)
Adaptive self-reconfiguration of active vision systems with sufficient resources for reduced
latency that can be used for near real-time applications.

Self-reconfiguration of active vision systems with limited resources demands reconfiguration
framework with low computational complexity and accurate activity detection. Further, there
is a need to derive a spatiotemporal relationship between frames captured in past (i.e., past
activities) and the present frames (real-time activities) to achieve enhanced understanding of
the scene without exploiting the resources of the active vision system.

Adaptive self-reconfiguration of active vision systems with sufficient resources for reduced
latency can be used for near real-time applications. Such systems do not deprive of resources,
rather demand high learning capabilities to tackle unforeseen conditions efficiently. Adaptive

self-reconfiguration of active vision systems requires data and information sharing in a



decentralized environment for adaptive learning. Further, such systems demand an efficient
compression tool (such as an autoencoder) to compress data while sharing and storing data that

can be retrieved without losing essential and critical information.

1.4 Objectives of Research Work

The objectives of this research work are to develop techniques and methods to address the key
problems for development of adaptive self-reconfiguration of smart camera networks deployed

in active vision systems. These specific objectives are summarized as follows:

Obijective 1:

e To review of the existing literature and compare different methodologies proposed to
address challenges at various operational levels of active vision system.

e To classify the challenges based on the type, requirements, and functionality of the
application employing active vision system, and determine the broad problem areas for

each type of application of the active vision systems.

Obijective 2:

e To associate past and present activities/events detected by the active vision system by a
spatiotemporal relationship without extensively exploiting resources of the active vision
system.

e To generate an accurate and efficient spatiotemporal activity map with pixel-wise
importance value assigned to each pixel of the field of view of each camera that can be
used for self-reconfiguration of the camera sensors of the active vision system.

e To design a reconfiguration framework for improved camera sensor calibration based
on the spatiotemporal activity map without exploiting resources of the active vision

system.



Obijective 3:

e To incorporate self-adaptation in an active vision system.

e To design an adaptive self-reconfiguration framework for improved performance with
low reconfiguration latency of the active vision system.

e To develop a distributed network of active vision systems capable of data and
information sharing, that can be used for self-reconfiguration of camera sensor

parameters.

Objective 4:

e To enable establishment of standardization of protocols for a plurality of active vision
applications associated together over the decentralized network of active vision system.
e To design a simple autoencoder model that can sufficiently compress the size of data to
be shared between the plurality of active vision systems in the decentralized network

without a high burden of computational resources on the active vision system.

1.5 Thesis Contribution

In this thesis, we showcase that the key to enhance performance of an active vision system is to
incorporate adaptive self-reconfiguration to the system. The active vision systems are classified
based on the functionality and resources available into two categories. The objectives,
problems, and type of challenges for reconfiguration of calibration parameters depend on the
functionality and application of the active vision system.
The principal contributions of this thesis are:
e A Self-reconfiguration Activity Mapping (SAM) framework is presented for generation
of spatiotemporal activity maps with pixel-wise importance value assigned to each pixel

that can be used for self-reconfiguration of the camera sensors of the active vision

10



1.6

system and showcases improved camera sensor calibration based on the spatiotemporal
activity map with very low computational load and complexity.

An Adaptive Self-Reconfiguration (AdapSR) framework is presented for improved
performance and low reconfiguration latency in handling unforeseen conditions. The
AdapSR framework enables a distributed network of a number of active vision systems
to share data, information, instructions and model to learn from each other’s past
experiences, and thus learn to tackle unforeseen conditions at a relatively higher rate.
The AdapSR framework enables establishment of standardization of protocols for the
number of active vision systems in the distributed network.

Sharing and storing data, models, information and instructions in a distributed network
of active vision systems require a large database for storage. Further, the size limitation
of the database (or datacenters) is a never-ending challenge for distributed networks. To
address the aforementioned, an autoencoder model with low computational load and
complexity is presented utilizing basic cryptography principles of Gyrator transform to
compress and enhance security of data prior to transfer/storage without losing any

important or critical information of the data.

Thesis Overview

The thesis comprises of seven chapters, and a brief description of the seven chapters of this

thesis is given hereinbelow:

Chapter 1 (Introduction): This chapter covers the motivation and purpose of adaptive self-

reconfigurable active vision system. This chapter further contain thesis overview, research

problem and the objectives of the research work.

Chapter 2 (Literature Review): This chapter provides a detailed study of active vision systems

and associated challenges at various taxonomical levels. This chapter covers the state-of-the-

art techniques developed in existing research work for development of adaptive smart camera

11



networks. Further, chapter 2 highlights the research gaps in the existing work that has stimulated
the development of research objectives. Furthermore, Chapter 2 will showcase the practicability
of applications employing SCNs and will provide potential directions for further research in

this area.

Chapter 3 (Spatiotemporal Activity Mapping): This chapter will provide a detailed discussion
on Spatiotemporal Activity Mapping (SAM) framework for SCN-enabled active vision
systems. The framework evaluates the scene spatiotemporally and produces adaptive activity
maps for re-configuration of the sensor, such that the region(s) of importance can be captured
in the centre of the sensor’s field of view. The framework utilizes simple image processing tools
such as adaptive background subtraction, binarization, thresholding and federated optical flow
for pre-processing the sensor data. Half-width Gaussian distribution is used for temporal
relationship between present and past frames. The simple model of the proposed framework

results in low computation complexity, and thus low resource utilization.

Chapter 4 (Adaptive Self Reconfiguration): This chapter provides a detailed discussion on
Adaptive Self-Reconfiguration (AdapSR) framework for SCN-enabled active vision systems.
The framework enables active vision systems to share their derived learning about an activity
or an unforeseen environment, which can be utilized by other active vision systems in the
network, thus lowering the time needed for learning and adaptation to new conditions. Further,
as the learning duration is reduced, the duration of the reconfiguration of the cameras is also
reduced, yielding better performance in terms of understanding of a scene. The AdapSR
framework enables resource and data sharing in a distributed network of active vision systems
and outperforms state-of-the-art active vision systems in terms of accuracy and latency, making

it ideal for real-time applications.

12



Chapter 5 (Autoencoder for AdapSR): This chapter provides a detailed discussion on the
Gyrator Transform based data compression and security enhancement. The proposed system
enables sharing the compressed datasets and model parameters in the distributed environment,
and thus can be utilized as an alternative to highly complex auto-encoder model for AdapSR

based systems.

Chapter 6 (Dynamic Speed limit allocation): This chapter provides a detailed discussion on a
used case of AdapSR framework (i.e., dynamic speed allocation ‘DSA’ framework) for
dynamic traffic speed limit allocation and effect of the speed limits on accident prediction. The
DSA framework utilizes data corresponding to different areas in the form of a plurality of
parameters such as traffic density, accident count, static speed limit etc., to predict a most

suitable speed limit for each area.

Chapter 7 (Conclusion): This chapter provides a brief summary of all the ideas, observations,
and contributions of the results obtained in each objective. Also, the future directions in each

field will be sketched in this section.
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CHAPTER 2

LITERATURE REVIEW

Applications employing computer vision systems have grown tremendously over the last few
years due to advancement in technology and leading research in the area of computer vision.
Specifically, the success of any computer vision system highly relies on the data captured by
the camera sensors employed in the computer vision system and the processing capabilities of
the computer vision system, which are inter-dependent. In this direction, the computer vision
systems have taken a next leap as active vision systems are specifically designed to obtain data
with higher information by periodic calibration of camera sensor’s configuration space and thus
performing better in terms of the overall efficiency of the system.

As discussed earlier in Chapter 1, the challenges in active vision systems employing a number
of camera sensors (i.e., a camera network) can be categorised into two categories: deployment-
level challenges and processing-level challenges. Apparently, the challenges in deployment of
the active vision system affect the processing performance of the system and vice-versa. A brief

discussion on both categories of challenges is presented hereinbelow.

2.1 Deployment level challenges

Applications of computer vision systems vary in a large domain of areas, and so is the
configuration and requirements of the system. Most often, low resource availability and high

computational complexity are major set-backs of an active vision system that restrict the
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calibration capabilities and thus supresses the performance of the system. Additionally,
resources optimization by each camera sensor employed in the active vision system is equally
important. Further, dealing with unforeseen environments and conditions is another problem
for real-time applications of active vision systems, where the systems fail majorly. Designing
an accurate sensor architecture with a precise sensor placement to optimize the performance of
the active vision system is a further challenge. Lack of visual understanding due to occlusions
and false detection due to environmental variations result in inappropriate calibration of the
sensors, and thus affects the overall performance of the system. A brief description of the

deployment level challenges is as follows.

2.1.1 Sensor Placement

Cameras in SCNs are typically placed with overlapping FOVs to capture the entire operating
environment. However, with limited resources, it can be difficult to place cameras with
overlapping FOVs for larger operational areas. Camera placement has a direct impact on the
amount and quality of data available for processing. For example, if an object is captured in the
centre of a camera’s field of view (FOV), the quality of the data and thus the visual information
available from the data is much higher than if the object is captured at the camera’s edges.
Further, the camera placement must ensure maximum event coverage, which makes camera
placement critical for SCN deployment. Thus, sensor (e.g., camera) placement plays a crucial
role in the performance and efficiency of an active vision system. Specifically, most of the
research in the area of accurate sensor placement is confined to solving two major problems:
(i) maximization of area covered by the camera sensors and (ii) managing non-overlapping
camera field of views.

Indu et al. in [10] and Zhang et al. in [11] proposed methods for placement of camera sensors
to maximize the surveillance areas covered by a network of camera sensors. Silva et al. in [12]
proposed co-ordination between camera sensors employed on a network of unmanned aerial
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vehicles (UAVS) to improve the efficiency of aerial surveillance. Solutions proposed in [10] -
[12] provide camera placement solutions for optimised functionality in a pre-defined
configuration of environment, however, they lack architectural flexibility and surveillance
space prioritisation. Jamshed et al. in [13] proposed an activity-based prioritization of area
under surveillance. In [14], Vejdanparast proposed enhancement of fidelity of camera sensors
in a smart camera network for maximization of the surveillance area. In [15], Wang et al.
proposed Latin-Hypercube-based Resampling Particle Swarm Optimization (LH-RPSO) based
camera placement algorithm for Internet of Things (10T) devices networks.

Redding et al. in [16], using cross-matching for non-overlapping FOVs, proposed use of a
variety of features, such as grey-level co-occurrence matrices, scale-invariant feature
transformation, Zernike moments, and colour models, etc., for object handover to manage non-
overlapping field of views. Esterele et al. in [17] proposed handover of information for handing
non-overlapping field of views of a decentralized network of camera sensors by generating an
online real-time vision graph. The information handover for handling non overlapping field of
views by the online real-time vision graph in [17] was independent of any a-priory knowledge
of the operating environment, and thus provided a flexibility of usage. In [18], Lin et al.
proposed a method for active real-time FoV handover control for a single object by captured
by a number of Pan-Tilt-Zoom (PTZ) camera sensors. The method proposed in [18] suggested
a spatial relation between the PTZ cameras employing a shortest distance rule to determine
readiness of each camera sensor prior to the handover. Table 2.1 presents an evolution of

techniques and their advantages presented in the prior art for efficient sensor placement.

Table 2.1 Techniques addressing sensor placement problems.

Ref. Year Methodology Advantages

Online system for tracking
(6] 2008 multiple people in an SCN Development of a larger, more capable, and fully
with overlapping and non- automatic system without prior localization information

overlapping views

16



Maximum coverage of users; Defined priority areas with

optimum values of parameters;

The proposed algorithm works offline and does not

[10] 2009 Genetic Algorithm ) o
require camera calibration;
Minimizes the probability of occlusion due to randomly
moving objects
Ant-colony-inspired Generates a vision graph online;
[17] 2011 mechanism used to grow the 1creased autonomy, robustness, and flexibility in smart
vision graph during runtime camera networks
Approach to construct the
(8] 2012 automatic co-operative Tracking a moving target quickly and keeping the target
handover of multiple cameras  within the viewing scope at all times
for real-time tracking
Orientation of each visual sensor can be optimized
Novel model with non- through a least-squares problem;
[11] 2015 uniformly distributed
detection capability (DC) More efficient with an averaged relative error of about
3.4%
Node-level optimal real-time . .
o ) Portable system with ease of access in hard-to-access
[13] 2015 priority-based dynamic
) . areas.
scheduling algorithm
Coordination of embedded
agents using spatial . ] ] o
[12] 2017 o ) Persistent surveillance with dynamic priorities
coordination on strategical
positioning and role exchange
Novel decomposition method ) ] o
[14] ) ) ) ) Low computational expense; Higher fidelity of the
2020 with an intermediate point of
) outcomes
representation
Latin-Hypercube-based LH-RPSO has higher performance than the PSO and the
[15] 2020 Resampling Particle Swarm RPSO; LH-RPSO is more stable and has a higher

Optimization (LH-RPSO)

probability of obtaining the optimal solution

17



2.1.2 Camera Sensor Calibration

Each camera sensor of the smart camera network deployed in an active vision system has an
individual configuration space that is dependent on the parameters (i.e., the internal and external
parameters of the camera sensor). A field of view (FoV) of each camera sensor is dependent on
the configuration space of that camera sensor, which impacts the area under observation of the
smart camera network. Specifically, calibration of the camera sensors enables the smart camera
network to capture images accurately that impacts the performance of the active vision system
using the smart camera network for image acquisition. Some systems are designed in such a
way that the camera sensors are calibrated to efficiently utilize resources. Some other systems
focus on calibration of camera sensors to capture the object(s) of interest at the best possible
resolution. For example, when the object(s) of interest change their positions in the camera
sensor’s field of view, to capture the object(s) of interest with optimized resolution, the
configuration space of the camera sensors is required to be adjusted based on an information of
position(s) of the object(s) of interest in the camera’s field of view.

At some other instances, some smart camera networks having limited resources and restricted
functionality (i.e., non-critical applications) rely on dynamic alteration of topology of the smart
camera network by temporarily turning off camera sensors when no activity is detected by them.
At the operational level, camera sensor calibration can be further divided into three
subcategories that are discussed as follows.

e Camera Sensor Modelling: Each camera sensor deployed in active vision application is

specifically selected as per the particular requirements (based on the objectives and
functionality) of the active vision system, thus the system’s overall state of each active
vision system is unique. A camera sensor model enables the active vision system to

determine the system’s overall state in terms of system’s state parameters such as power
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consumption, available resources, bandwidth utilization, calibration parameters,
Quality of Service (QoS), and the like. Thus, camera sensor modelling plays an
important role to enable self-reconfiguration of smart camera network in an active vision
system. Some traditional camera models include thin lens camera model or projection
models (such as orthographic projection models, para-perspective projection models,
scaled orthographic projection models, linear perspective projection models, and the
like). The thin lens camera model (i.e., a linear camera calibration model) accounts for
effects of translation and rotation with respect to a view plane. A pin-hole camera model
(i.e., a linear perspective projection model) performs better in terms of the performance
and QoS, however, it has a high computational complexity as compared to the thin lens
model due to a higher number of model parameters. Hall et al. in [19], based on 3D
affine transformation with linear perspective projection, proposed a simplified and
efficient linear model with reduced computational complexity and a comparatively
higher QoS. However, the linear models fail to account for non-linear distortions and
thus result in poor QoS. Tsai et al. in [20] by way of a non-linear perspective projection,
Toscani in [21] and Wang et al. in [22], by way of non-linear calibration, proposed non-
linear camera models for better performance of the system in terms of the overall QoS
of the system considering the non-linear distortions.

Camera Localization: Camera localization facilitates each camera sensor of the smart

camera network to have an awareness of a relative position with respect to the other
sensors, which plays a vital role while exchanging objects of interest from one camera
sensor to the other (i.e., object handover). The camera localization further enables the
active vision system to have dynamic topology based on an information of the locations
and/or movements of the objects of interest. Furthermore, the camera localization helps

in identification of active nodes in the camera network. Points, lines, spheres, cones,
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circles, and features etc. are some commonly used markers (i.e., identifiers) for camera
localization. Simultaneous Localization And Mapping (SLAM) as presented in [23] and
[24], respectively, and Structure From Motion (SFM) as presented in [25] are designed
for dynamically changing or unknown environmental conditions. The functional
architecture of SFM [25] is motivated by human’s vision perseverance. SMF [25]
combines data of each frame with its motion information to estimate a 3-Dimensional
(3D) scene from a 2D image data. In [26], Monte Carlo method proposed using particle
filter for sensor (camera) localization. Monte Carlo method in [26] further proposed
Recursive Bayesian Estimation based sampling and sorting of samples. Montzel et al.
in [27] proposed use of sparse overlapping to design an energy efficient localization
method for localization of camera sensors of a distributed camera network. Brachmann
and Rotheren in [28] presented an end to end localization pipeline that facilitates 6D
pose estimation of objects. Geometric localization proposed in [29] enabled self-
calibration of camera sensors through estimated distribution algorithm (EDA) to detect
head-to-foot location of pedestrians, which were used for self-calibration of camera
sensors. Table 2.2 presents an evolution of techniques and their associated advantages

presented in the prior art to address the camera localization problem.

Table 2.2 Techniques addressing camera localization problems.

Ref. Year Methodology Advantages
Onllr_1e system fqr tracking . Development of a larger, more capable, and fully
multiple people in an SCN with . . . L
[26] 1999 : . automatic system without prior localization
overlapping and non-overlapping . .
. information
views
[27] 2004 Sparse overlapping Better energy efflc!ency and able to cope with
networking dynamics
Locally optimal maps with computational
[23] 2006 SLAM complexity independent of the size of the map
[24] 2006 SLAM Locally optimal maps with computational

complexity independent of the size of the map
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Estimated distribution algorithm Accurate estimation of the features of moving

[29] 2016 (EDA) objects (person)
[25] 2017 SFM Better ambiguity handling in 3D environments
[28] 2018 6D pose estimation using an end-to-  Efficient, highly accurate, robust in training, and

end localization pipeline exhibits outstanding generalization capabilities

Parameter Estimation and Correction: Parameter estimation and correction enables real-

time calibration of configuration space of each camera sensor of the smart camera
network deployed in the active vision system. Based on the parameter estimation
through the camera model, the active vision system enables a correction of parametric
values, for calibration of camera sensors of the smart camera network. Zheng et al. in
[30], by way of parallel particle swarm optimization (Parallel-PSO) proposed an
efficient method with low computational complexity for estimation of focal length of
the camera sensors. In [31], Jung and Fuhr proposed a method for self-calibration of
multiple camera sensors deployed in a sensor network. The self-calibration method in
[31] used non-linear optimization of a projection matrix for localization of camera
sensors. Yao et al. in [32] proposed a field model for self-calibration of a number of
multi-view camera sensors deployed in a camera network. The field model in [32]
utilized golf and soccer datasets for self-calibration of the multi-view camera sensors.
A camera-projector pairs framework based on greedy-descent optimisation was
proposed by Li et al. in [33] for parameter estimation and scene reconstruction that
facilitated self-calibration of camera sensors. The framework proposed in [33] provided
basis for possible enablement of tele-immersion applications with an evolution in
resources and technology in future. A self-reconfiguration approach for a camera
network with focal-length estimation using homograph from unidentified planar scenes
was put forth by Janne and Heikkil& in [34]. Tang et al. in [35] proposed a simultaneous

distortion-correction method for self-configuration of parameters specifically for
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tracking and segmentation of objects of interest. The method in [35] is based on an

evolutionary optimisation scheme on an estimated distribution algorithm (EDA). Table

2.3 presents an evolution of techniques and their associated advantages proposed in the

prior art to address the parameter estimation and correction problem.

Table 2.3 Techniques addressing parameter estimation and correction problem.

Ref. Year Methodology Advantages
Projection matrix
[31] 2015 obtained from non-linear Better accuracy
optimization
[32] 2016 Field model Automatic estimation of camera parameters
with high accuracy
Stable and robust automatic geometric
[33] 2017 Greedy descent projector camera calibration with high
optimization accuracy; and Efficient in tele-immersion
applications
[34] 2017 Homography from Highly stable
unknown planar scenes
[30] 2018 Parallel particle swarm Low time complexity and efficient
optimization (PSO) performance
[35] 2019 Evolutionary optimization Capability of reliably converting 2D object

scheme on an EDA

tracking into 3D space

2.1.3 Resource optimization

The active vision system must be capable of efficiently estimating an overall task load and

resources available with each component of the smart camera network to achieve the desired

functionality from the active vision system. Further, the active vision system must be capable

of determining an optimized task load distribution amongst each component of the smart

camera network. Particularly, the resource optimization problem of the active vision system can

be divided into two sub categories as discussed hereinbelow.

Topology Estimation: Sensors switching from active to inactive states cause the network

topology to change dynamically. To avoid deviating from the primary goal (i.e.,

capturing data with high-quality visual information), the overall functionality of the
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smart camera network is dynamically distributed amongst various camera sensors in the
form of task loads. Thus, it is challenging for the Smart Camera Network to compute
the dynamic topology, determine the node localizations, and distribute the task load
amongst the active nodes for real-time applications. In [36], Marinakis and Dudek
proposed a method for generation of weighted directed graph for estimation of topology
of a visual sensor network based on statistical Monte Carlo expectation and sampling
models. Hangel et al. in [37] proposed a window-occupancy (WQO) based method for
estimation of camera network topology. The WO based method in [37] had a lot of
assumptions, and was insufficient to handle huge amount of visual data captured by the
large camera network over a period of time. A topology estimation method presented in
[38] by Detmold et al. suggested an exclusion algorithm based on scaling collective
stream processing method to handle data from a distributed clusters of nodes in a large
network of nodes. The method in [38] provided a decentralized processing scheme for
topology estimation of large network of nodes. In [39], Clarot et al. proposed an network
topology for distributed networks based on activity matching. Topology estimation
using identity and appearance similarity in a distributed network environment was
suggested by Zhou et al. [40]. Farrel and Davis in [41] proposed network topology
estimation in a decentralized sensor network. A centralized topology estimation for
variable lightening conditions (i.e., lightening variations) was presented by Zhu et al. in
[42]. Misra and Gautam in [43] proposed a trust-based topology management system
for distributed sensor networks. Tan et al. in [44] proposed a topology estimation
method based on a blind distance calculation technique. Li et al. in [45] proposed a
topology estimation method for a distributed camera network using mean cross-

correlation functions and Gaussian functions. Table 2.4 presents an evolution of
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techniques and their associated advantages proposed in the prior art to address the

network topology estimation problem.

Table 2.4 Techniques addressing network topology estimation problem.

Ref.  Year Methodology Advantages

[36] 2005 x;n;ﬁr;arlo expectation maximization and Minimum effects of noise and delay
Efficient and effective way to learn an

[37] 2006 Window-occupancy-based method activity topology for a large network of
cameras with a limited number of data

[38] 2007 Exclusion algorithm in distributed clusters High scalability

L S Robustness with respect to appearance

[40] 2007 S:}?;f;f;lei?pmam in distributed network changes and better estimation in a time
varying network

[41] 2008 Decentralized data processing Robustness with respect tq _varlable
appearance and better scalability

[39] 2009 s\rt(:)té\e/gz;sased multi-camera matching Flexible and scalable
Automated tracking and

[42] 2015 Pipeline processing of lightning variations reidentification across large camera
networks

[43] 2015 Trust-based topology management system Higher average coverage ratio and
average packet delivery ratio

[44] 2018 S;;ir:g;?irgr? distance Finer granularity and high accuracy
Better target tracking under a single

[45] 2018 Gaussian and mean cross-correlations region and better interference in multi-

view regions

Task load balancing: In order to achieve an optimized functionality, an effective active

vision system must divide the overall functionality of the application into a number of
smaller tasks. The task load of each active node of the smart camera network is
determined by its local state, orientation, and resource availability. A distributed
approach for adaptive task-load assignment based on available energy from the network
environment was presented by Kansal et al. [46], which significantly increased the
system’s lifetime. In [47], Rinner et al. proposed a task allocation framework based on
heterogeneous mobile agents for a distributed multi-view camera network. Rinner et al.

later in [48] updated the task allocation framework by clustering the areas under
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observation (i.e., surveillance areas). Karuppiah et al., in [49] proposed a hierarchy-
based algorithm for task-load balancing and resource allocation to multiple components
of a distributed multi-sensor network. The algorithm in [49] detected fault tolerance
using activity density as a parameter for task load balancing and resource allocation in
the distributed multi-sensor network. In [50], Dieber et al., using expectation
maximization (EM) proposed a task load balancing algorithm deliberately designed to
provide efficient resource utilization and optimized monitoring performance. Dieber et
al. further extended their work in [51] through market-based handover of objects to
efficiently balance task load between multiple camera sensors used for real-time
tracking application. A market-based bidding framework was proposed by Christos et
al. in [52] for efficient multi-task allocation and task load balancing in a distributed
network of camera sensors. Table 2.5 presents an evolution of techniques and their
associated advantages proposed in the prior art to address the challenges in task load

balancing.

Table 2.5 Techniques addressing task load balancing problem.

Ref.  Year Methodology Advantages
[46] 2003 :\élaeéhé)s(iif;r:n(i;sgilbuted adaptive task- Better resource efficiency
ultiple-mobile-agent-based task- elective operation of the trackin
[47] 2005 Multipl bile-agent-based task Selective operation of th king
allocation framework algorithm to reduce the resource utilization
ultiple-mobile-agent-based task- elective operation of the tracking
[48] 2005 Multipl bil based task Selecti ion of th ki
allocation framework algorithm to reduce the resource utilization
[49] 2010 ;:gggml-based automatic resource Robust tracking
Expectation-maximization-based Efficient approximation method for
[50] 2011 pectation optimizing the coverage and resource
approximation .
allocation
[51] 2012 Market-based handover Improved quality of surveillance with
optimized resources
Improved quality of surveillance with
[52] 2016 Market-based handover optimized resources
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2.1.4 Occlusion handling

Occasionally, an object of interest can be occluded by one or more unwanted objects which
results in loss of information of the object of interest at the time of occlusion. Several techniques
proposed to handle such a situation involve handing over the object of interest to another camera
sensor capable of capturing the objects of interest without occlusion. However, finding a next-
best camera sensor with non-occluded object of interest in the FoV in real-time is quite
challenging. Occlusion handling becomes more challenging in systems with dynamic topology.
Traditionally, solutions proposed for occlusion handling rely on prediction-based approaches
to reproduce or predict the portion of the object of interest that is occluded, thus impacts the
performance of the system. There is a high possibility of missing critical information (due to
prediction), which makes such prediction-based approaches unreliable. In [53], Wang et al.,
proposed a red-green-blue (RGB) model using patch-match optimization for occlusion
detection using smoothness regularization and feature consistency as performance parameters.
Quyang et al. in [54] proposed a part-based deep model framework capable of occlusion
handling by estimating information loss due to occlusion in the form of an error in detection of
visible parts of the occluded object. In [55], Shahzad et al. proposed a statistical approach using
K-means technique for occlusion handling in a multi-object tracking environment. Rehman et
al. in [56] proposed a social force model to mitigate the effect of occlusion from the occluded
images. The model in [56] proposed variational Bayesian method for clustering and concepts
of repulsive and attractive forces for multi-object tracking. Chang et al. in [57] proposed a
convolution neural network (CNN) based multi-object tracking system capable of handling
occlusions by classifying surveillance areas into zones. In [58], Zhao et al. proposed a Gaussian
model based adaptive background formulation technique for object tracking and occlusion

handling. Liu et al. in [59] proposed a 3-dimensional (3D) mean shift algorithm for handling
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occlusions based on a derived depth information. Table 2.6 presents an evolution of techniques

and their associated advantages proposed in the prior art to address occlusion handling.

Table 2.6 Approaches addressing Occlusion handling problem

Ref. Year Methodology Advantages

Reduced computational complexity by large

[53] 2015 Patch-match optimization displacement motion

Handles illumination changes, appearance change,

[54] 2015 Part-based deep model abnormal deformation, and occlusions effectively
[56] 2015 Social force model Improved trackl_ng performance in the presence of
complex occlusions
[55] 2016 K-means algorithm and Cost-effective in terms of resources (memory and
statistical approach computation)
[58] 2017 Gaussian model for occlusion Handles appearance changes and is capable of
handling dealing with complex occlusions
[57] 2018 CNN High performance with a limited labelled training
dataset
[59] 2018 Distraction-aware tracking Effective and computationally efficient occlusion
system handling

2.2 Processing level challenges

Computer vision systems rely on processing images captured by one or more camera sensors to
derive understanding of activities and events in the scene. Performance of active vision systems
employing camera network highly rely on the computational capabilities of the system. Real-
time applications make it more challenging for the active vision systems as such systems require
deriving understanding of scenes in real-time. A brief description of the processing level

challenges is presented hereinbelow.

2.2.1 Selection of processing platform

Selection of processing platforms for deployment of an active vision system is as critical as the
algorithm used for processing images captured by the camera sensors. Specifically, the selection
of a processing platform is based on the functional complexity and the processing time of the

processing platform, which is typically dependent on the used case or application of the active
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vision system. For example, the architecture of a system requiring complex computations in
real time may be more complex and thus more expensive than that of a system with a relaxed
processing window for applications requiring simpler computations. The processing platforms
are typically deployed either on hardware such as Application Specific Integrated Circuits
(ASIC) and Field Programmable Gate Array (FPGA), or on software such as Graphical
Processing Unit (GPU) and Central Processing Unit (CPU). Choice of the processing platform
depends on accuracy of result, need of processing capabilities, timeliness, resource use, and
adaptability. Hardware based processing platforms are used in deployment of systems with
specific and dedicated functionalities. Such systems can have great processing capabilities with
a very low latency, however such systems lack flexibility of operations. On the other hand,
software based platforms provide high flexibility of operation at the cost of higher latency.
Thus, hardware based platforms can be used for real-time active vision applications which
require high efficiency, better performance, and faster computations. Software based platforms
can be utilized for applications which require higher flexibility in terms of customizable used
cases.

Fang et al. in [60] presented a comparative analysis for selection of processing platforms in
detail. A comparison of general-purpose computations carried out by CPUs and GPUs in
computer vision systems is presented in by Horup et al. in [61]. Guo et al. in [62] proposed a
flexible and fast CPU-based computation system for human pose estimation. Tan et al. in [63]
proposed a flexible and fast GPU-based deep-learning-based computer vision system. Irmak et
al. in [64], Costa et al. in [65], and Carbajal et al. in [66] proposed computer vision systems
using Field Programmable Gate Array (FPGA). Xiong et al. in [67] presented computer vision
system using Application Specific Integrated Circuit (ASIC) for enhancement of operational
flexibility. High processing capabilities, low latency, and flexibility of operation can be derived

by hybrid processing platforms (i.e., hardware-software combination) as presented in [68]. The
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state-of-art research aims to develop stable and efficient hybrid systems with high flexibility of

operation and low processing latency.

2.2.2 Scene reconstruction

To obtain useful information from the captured images (i.e., the captured data), the images
captured by the active camera sensors must be synchronised. The data captured by each camera
sensor must be combined for scene reconstruction to identify the activity of objects of interest
over a period of time by analysing temporal frames. Particularly, the reconstruction of scene
becomes very challenging when the topology of camera network changes dynamically.

In [69], R. Szeliski proposed a volumetric scene-reconstruction method using a multiple depth
maps with layered structure. Martinec et al. in [70] proposed a 3-dimensional (3D) scene
reconstruction method. The method in [70] used an uncalibrated image dataset with a pipelining
approach to detect regions of interest (ROIs), and match the ROIs by way of a random sample
consensus (RANSAC) mechanism. In [71], Peng et al. proposed a network geometry-estimation
method for scene reconstruction. The method in [71] suggested two-view geometry estimation
by way of an L-2 Estimation Local Structure Constraint (L2E-LSC) algorithm based on local
structure constraint.

Effective point matching approaches provide imperative solutions for effective scene
reconstruction. In [72], Brito et al. compared different point matching approaches, such as Scale
Invariant Feature Transform (SIFT), Speeded-Up Robust Features (SURF), Oriented Fast and
Rotated Brief (ORB), Fast Retina Key-points (FREAK), and Binary Robust Invariant Scalable
Key-points (BRISK). Milani [73] proposed localization-based reconstruction for heterogeneous
camera sensor networks. In [74], Ali Akbar et al., using parametric homographs proposed a
scene reconstruction method. Ali Akbar et al. in [74] further reviewed various scene-
reconstruction approaches. Wang and Guo in [75], using plane primitives of an RGB-D frame,

presented an effective scene reconstruction method. In [76], Ma et al., using an adaptive octree
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division algorithm proposed a mesh-reconstruction system for point-cloud segmentation, mesh
re-labelling, and scene reconstruction. In [77], Ichimru et al. utilizing transfer learning,

presented 3D scene reconstruction using a CNN under water bubble dataset to avoid distortions.

2.2.3 Data processing

Data processing is one of the major factors that contribute to an overall performance of the
active vision system. The accuracy of image processing, deriving information, and
understanding of activities in the scenes highly rely on the data processing algorithms used in
the active vision system. The selection of an algorithm majorly depends on accuracy and
timeliness of the algorithm. Data processing algorithms are specifically selected to fulfil all the
requirements of the active vision system based on the used case of the active vision system.
Thus, to be used for a variety of applications, the data processing algorithm must be versatile
and customizable. Some of the major problem areas in data processing include object detection,
object classification and tracking, object re-identification, pose and behaviour estimation,
activity recognition, and scene understanding that are discussed hereinbelow.

e Object Detection: The first and primitive step towards deriving an understanding of the

scene under observation is to derive the information of the object(s) of interest. To do
so, most of the active computer vision systems rely on segregation of foreground from
the frame (commonly known as background-foreground segregation) which typically
requires analysis of temporal frames captured by the same camera sensor. Detection of
multiple objects present in a single frame makes the object detection even more
challenging. For real-time active vision applications, multi-object detection becomes
very critical as the reconfiguration of camera sensors depend on detection of objects of
interest in real-time. Various other factors such as variations in illumination, camera

viewpoints, occlusions etc. make real-time object detection even more challenging.
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Viola and Jones technique as presented in [78], scale-invariant feature transformation
(SIFT) as presented in [79], HOG-based object detection as presented in [80], optical
flow based object detection as presented in [81] and [82], and background subtraction
technique for object detection as presented in [83] are some of the most commonly used
techniques for object detection. Contemporary object detection methods use machine
learning based approaches such as neural networks as used in [84], you-only-look-once
(YOLO) as used in [85], region proposals (R-CNN) as used in [86], single shot
refinement neural networks as used in [87], Retina-Net as used in [88], and single-shot
detectors (SSDs) as used in [89]. Advanced machine learning based object detection
methods [84]-[89] provide better performance than the traditional model based object
detection methods [78]-[83] in terms of object detection accuracy. However, machine
learning based methods highly rely on accurate training datasets, which is not a
limitation in model based approaches. Progress of object detection techniques used for
various computer vision applications from traditional probabilistic prediction based
approaches to contemporary and more advanced artificial intelligence (Al) based
approaches is presented in [2].

As discussed earlier, occlusions, variations in illumination, and movement of objects of
interest are some of the factors of concern for efficient detection of objects of interest.
An adaptive background subtraction model, using a single sliding window, by way of a
histogram minimum-maximum bucket method was proposed by Roy and Ghosh in
[90]. The adaptive background subtraction model in [90] used a median-finding based
approach to tackle illumination changes in the evaluating temporal frames. In [5], Bharti
et al. proposed an adaptive real-time kernelized correlation framework to handle
occlusions. The framework in [5], based on a determined confidence values of object

tracker, enabled drones to update their location and boundary information on a
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distributed network of drones. In [91], Min et al., using pixel lifespan proposed a multi-
object detection method to merge pseudo-shadows (specifically ghost shadows) to the
image background. Min et al. in [91] proposed state vector machine (SVM) and
convolutional neural network (CNN) based classifier to avoid occlusions.

Active vision model for detection of moving objects of interest requires complex
computations and relies on estimations and approximations, as the camera sensor is
required to follow the objects to capture the objects at highest possible resolution in real
time. In [92], Wu et al. proposed a computational model to efficiently address the
moving object detection problem with very low latency. The computational model by
Wu et al. in [92] suggested evaluating a coarse foreground using singular-value
decomposition, and using foreground information to reconstruct the background by way
of an in-painting technique. Wu et al. in [92] further used mean shift segmentation
refinement of the detected foreground. In [93], Hu et al. used tensor flow to detect
moving objects without hampering or altering the scene dynamics. Hu et al. in [93]
utilized saliently fused sparse regularization to detect initial foreground and tensor
nuclear norms to handle redundancy in the background. To compute spatiotemporal
variations, Hu et al. in [93] further proposed a 3D regression kernel with local
adaptability, that enabled refinement of the initial foreground. Table 2.7 presents an
evolution of techniques and their associated advantages presented in the prior art to

address object detection challenges.

Table 2.7 Evolution of techniques addressing object detection problem

Ref. Year Methodology Advantages
[83] 1989 Background subtraction Low computational complexity
[78] 2001 Viola and Jones technique Low processing latency with high detection rate
[80] 2005 HOG-based detection Precise object detection and classification
Scale-invariant feature Efficient detection and localization of duplicate
[79] 2012 . - .
transformation objects under extreme occlusion
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[81] 2013 Optical flow Accurate detection of moving objects
[86] 2014 Region proposals (R-CNNs) High accuracy and precision for object detection
[92] 2015 Eha;cf;tkground subtraction and mean Refined and precise foreground detection
[85] 2016 You only look once Low latency multi-object detection
[89] 2016 Deep-neural-network-based SSD Prgdlctlon-based detection for variable shapes of
objects
[93] 2016 Tensor flow Detection of mobile objects in FOVs
[84] 2017 Neural network Mu_ltl-object detection with
variable shapes
[90] 2017 Adaptive background subtraction Better accuracy as compared to traditional
model background subtraction
[91] 2017 State-vector machine and CNN- Multiple-object-detection approach to detect
based classifier ghost shadows and avoid occlusions
[82] 2018 Optical flow Accurate detection of moving objects
[87] 2018 Single-shot refinement neural High detection accuracy
network
[5] 2018 Kernelized correlation framework Real-time occlusion handling
[88] 2019 Retina-Net Balanced detection performance in terms of

latency, accuracy, and precision of detection

Object Classification and Tracking: After the detection of object(s) from the scene, the

active vision system undergoes object classification to segregate the detected objects
into classes, distinguish one object from the other, and determine whether the object is
an object of interest or not. Object classification majorly includes three steps: (i) pattern
recognition, (ii) clustering of pixels, and (iii) Segregation of pixels. Classification of
objects requires selection of appearance parameters (i.e., features) such as shape, colour,
texture, temporal pixel motion etc. as discussed in [94], and silhouettes, points, contours,
etc. as discussed in [95]. Conventionally, the techniques for object-classification as
discussed in [96] can be categorized into the following broad categories: (i) decision
based object classification such as decision trees as presented in [97] and [98], and
random forest as presented in [99], (ii) statistical-probability based object classification
such as Bayesian classification as presented in [100], [101], and [102], discriminant
analysis as presented in [103], logical regression as presented in [104], and nearest-

neighbour as presented in [105], and (iii) soft-computing based object classification
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such as SVM presented in [106], multi-layered perceptron as presented in [107], and

neural networks as presented in [108] and [109]. Tracking the objects of interest is

required to determine one or more activities performed by the objects of interest by
analysing consecutive temporal frames. Due to different viewpoints (i.e., difference in
perseverance of the objects) in consecutive frames captured by the camera sensors, the
computational complexity of the active vision system and chances of error increase
drastically as the system encounters distortion of the objects of interest due to different
viewpoints. In [110], Villiers et al. proposed a real-time inverse distortion method for
correction of distorted images. In [111], use of a number of properties of vanishing
properties for calibration of parameters and distortion correction was proposed. In [35],
Caprile et al. proposed a distributed algorithm for calibration and correction of radial
distortion using vanishing points. Caprile et al. in [35] further proposed tracking a
waking human’s movement (as poles) for determination of vanishing points. Methods

suggested in [112] and [113] used estimation of a centre of distortion for detection and

correction of radial distortion. In [114], Huang et al. proposed detection and correction
of radial distortion correction based on linear-transformation functions, whereas in
[115], Zhao et al. proposed a pipelined process for the same. Methods proposed in [116],

[117] and [118] suggested detection and correction of radial and tangential distortions.

In [119], Yang et al., using information of depth of the objects proposed estimation and
correction of perspective distortion. In [120], detection and correction of optical
distortion was addressed by Finlayson et al. using colour-calibration theory. Wong et
al. in [121], using a multi-spectral camera model extended the use of colour-calibration
theory for distortion estimation. Motion-blur is often a challenge for multi-object
tracking systems that impacts the performance of the active vision system. A motion-

aware tracker was proposed in [122] by Han et al. to detect and correct motion-blur by
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estimation and correction of tracking fragments caused by motion-blur or occlusion. A
former tracking system proposed by Meinhardit et al. in [123] addressed motion blur

estimation and correction in a multi-object tracking environment.

Pose and Behaviour estimation: Techniques used for pose and behaviour estimation

utilize models to associate poses, patterns of postures, and/or shapes of detected objects
of interest in consecutive temporal frames to derive a behavioural understanding of
activities performed by the objects. Accuracy of pose and behaviour detection depends
majorly on selection of models for pose-estimation and deriving a relationship between
poses derived from consecutive temporal frames. Particularly, the commonly used
techniques for pose and behaviour estimation are either model-based techniques (such
as planar models, volumetric models, and kinematic models) or model-free techniques.
Planar models use contours as features, volumetric models use volume distributions as
features, and kinematic models use pixel motion as features for pose and behavioural
estimation. Kinematic models provide pose and behaviour estimation with low
computational complexity, however, the performance and efficiency of such models is
not reliable, and varies with dynamic changes in the captured scene. Planar models and
volumetric models provide better efficiency and performance at a cost of high
computational complexity. In [129], Chen et al. proposed an anatomically aware 3D
pose-estimation model capable of efficient pose and behaviour estimation with low
computational complexity. Staraka et al. in [130] proposed an efficient and accurate
kinematic skeletal-model based technique for pose and behaviour estimation in real-

time.

Object Re-identification: To derive an appropriate understanding of a scene, the active

vision system is required to associate multiple activities performed by objects of interest
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by analysing consecutive frames captured by multiple cameras that are captured over
different periods of time. Due to several factors such as change in viewpoints,
illumination changes, and ghost shadows (as presented in [124]) etc., the possibility of
wrong detection (i.e., mis-interpretation or false detection of objects) is very high. To
address the challenges of illumination changes that may hamper re-identification of the
objects of interest, Zhang et al. in [125], by way of a Fisher vector learning technique
proposed an adaptive re-identification framework for the spatiotemporal alignment of
frames. Yang et al. in [126] proposed a logical determinant metric learning method to
overcome the limitations of variable viewpoints and occlusions in object re-
identification. It has been observed that a combination of more than one feature
enhances the accuracy of re-identification, if the features and weights of each selected
feature are selected appropriately. For the determination of the most efficient features
for specific object re-identification problems, Geng et al. in [127] proposed a feature-
fusion method based on weighted-center graph theory. The method in [127] proved to
be effective in determining an importance value (i.e., efficiency) of each feature of a set
of selected features for object re-identification. In [128], Yang et al. proposed a method
for using partial information of an occluded object for re-identification of occluded

objects.

2.2.4 Activity Recognition and Scene Understanding

There are two paradigms for activity detection and recognition: static and dynamic. Static

activity recognition is the process of identifying an activity solely from the spatial analysis of a

single frame and thus does not necessities pose estimation. In contrast to static activity

recognition, the dynamic activity recognition requires spatiotemporal computations of multiple

consecutive frames using scene reconstruction which essentially requires the estimation of the

pose and behaviour of the objects of interest over a period of time. Campbell et al. in [131]
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depicted human motion using phase-space constraints. For activity detection of pedestrians,
Oren et al. in [132] proposed a single-frame wavelet templates method. Static activity
recognition is commonly used for image captioning [133], manuscript review in the medical
field [134], and academia [135]. Nguyen et al. in [136] proposed multi-objective optimisation
to monitor real-time activity. Use of dynamic activity recognition for sports analysis is
illustrated in [137] and [3], whereas Wu et al. in [4] proposed dynamic activity recognition for
smart home applications. Xiang et al. in [138] proposed a multiple-object tracking system
capable of making smart decisions based on dynamic activity recognition. Laptev etal. in [139]

proposed an abnormal human activity recognition system based on state vector machines.

2.3 Contemporary Research Paradigm

Trained AI/ML models facilitate the active vision systems with fast and accurate data
processing capabilities. Thus, most contemporary systems presented in [140] to [156] utilize
AI/ML based techniques to address various problems of the active vision system. Over the last
few years, a shift has been observed from model-based solutions to Artificial Intelligence (Al)
and Machine learning (ML) based solutions to address various challenges of the active vision
system. It has further been observed that the state-of-art research majorly focuses on occlusion
handling, enhancement of multi-object tracking accuracy, and reducing the re-configuration
latency of multi-sensor networks. According to a market report presented in [157], artificial
intelligence has an annual growth of over 45% in active computer vision applications. Some

recently proposed models presented in [147] and [151] generate highly accurate hybrid systems

by combining the concepts of traditional model-based methods with modern Al-based
approaches. Al based active vision system as proposed in [153] use the basic principles of
traditional model-based methods. However, efficient ML-based operational models for active
vision applications require highly accurate and application specific training datasets. Thus, to

address active vision challenges for unforeseen conditions, the ML-based systems require
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intensive training to understand the unforeseen condition, which requires a lot of time and
processing capabilities. Thus, active vision systems employing centralised camera networks fail
to address various challenges of active vision systems in new unforeseen conditions miserably.
Table 2.8 shows some of the most advanced Al-based systems addressing the challenges of

self-reconfiguration faced by active vision systems.

Table 2.8 Contemporary Active vision approaches.

Ref. Challenge Addressed AIl/ML- Based Approach Used
[140] Convolutional neural network (CNN)
Camera calibration
[141] Neural network
[142] Convolutional neural network (CNN)
__ Parameter estimation
[143] Deep neural network (DNN)
[144] Pose estimation Neural network
[145]  Object detection Modified CNN
[146] Residual neural network
[147] Deep CNN and Kalman filter
[148] Object tracking Deep neural network (DNN)
[149] CNN and deep sort
[150] Deep-learning-based CNN
[6] Slow-fast CNN
Activity detection
[151] Neural network and strider algorithm
[152] CNN
Obiject re-identification
[153] Sparse graph-wavelet-based CNN

Object re-identification and
[154] Deep-neural-network-based transfer learning
occlusion handling

[155] CNN
Localization
[156] Neural network

AIl/ML based active vision systems are further prone to visual attacks [158] (such as adversarial

attacks as presented in [159] and [160]) which affects the efficiency of the active vision system

over a period of time. Visual attacks can be targeted if the model predicts their outcome

correctly as shown in [158], however in most cases, visual attacks introduce random noise to

38



the model parameters, and are therefore very challenging to undo, resulting in a long-term
decline in the model’s performance. A study presented in [161] suggests effects of adversarial
attacks on the performance of Al/ML based active vision models. A study on different types of
visual attacks and methods for mitigation of visual attacks (such as adversarial attacks) is

presented in [162] and [163].

2.4 Active vision systems with Limited Resources

Majority of active vision systems, including those suggested in [10], [11], and [12], prioritise
the surveillance area based on predefined assumptions about the camera sensor's field of view
and manually decided critical areas of surveillance under the camera sensor’s field of view. The
predefined placement and orientation of the camera sensors results in an inappropriate sensor's
pose (as the activities are highly dynamic in their occurrence and can occur anywhere in or
outside the camera sensor’s field of view), making it difficult for the camera sensors to capture
the objects of interest in the centre of its field of view (FOV) for best possible resolution. Such
a configuration of the camera network results in inappropriate sensing by the camera sensors
that results in inefficient performance of the active vision system.

To optimize the information from the captured frames, the active vision system must locate a
region of importance (ROI) in the camera sensors' field of view (FOV), and then reconfigure
the configuration space of the camera sensors to align a centre of the region of importance (or
interest) with the centre of the camera’s field of view. There are a number of ways to determine
ROI, activity mapping based detection of region of interest as presented in [164] being one of
the most effective ones. The majority of proposed active vision systems for ROI determination
ignore the effects of historical events on the activity map and instead concentrate on the
activities detected in the present frame for activity mapping. Instead of establishing a
spatiotemporal relationship between the current event and earlier events, such systems typically

concentrate on reducing frame noise.
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The active vision systems used for mobile surveillance applications generally employ a network
of camera sensors deployed on mobile drones. Such systems usually have limited resources,
which makes it critical to utilize the resources efficiently. The idea of pre-defined prioritization
of areas under surveillance as presented in [10] to [12] to capture frames of the scene without
activity based reconfiguration fails miserably in such conditions. To deliver an efficient
performance, such systems further require relating consecutive frames temporally to derive an
effective understanding of the scene and calibrate the configuration space of each camera sensor
in real time. The computational complexity of such an active vision system becomes very high
and demands high resource utilization, which is a limitation of such mobile systems.

Region of interest (ROI) estimation for vehicle flow detection using morphological operations
to filter noise was proposed by Pan et al. [165] and Mehboob et al. [166]. Pan et al. in [165]
suggested edge detection for object detection, background subtraction for traffic estimation,
and morphological features for noise reduction. Mehboob et al. in [166] used motion vectors
for traffic flow estimation and centroid detection using morphological close and erode operation
for noise reduction. Although, Pan et al. in [165] and Mehboob et al. in [166] made efforts to
reduce the noise in detection of objects of interest, they were unable to stop the scene's
undesirable activities from being detected and included in the activity map. Pan et al. in [165]
and Mehboob et al. in [166] further failed to tackle unidentified and unforeseen activities

efficiently. The ROI detection in [165] and [166] was proposed based on the activity detected

from only one frame, and lacked temporal relationship for scene understanding.

Modern methods for activity mapping either use artificial intelligence techniques for ROI
detection or extremely complex computational models. A non-parametric spatiotemporal
activity model based on Gaussian process regression (GPR) was presented by Marvin and
Moritz in [167]. For the purpose of identifying group activity, Sattar et al. in [168] proposed a

convolution neural network (CNN) based spatiotemporal activity mapping method. An online
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feature learning model for spatiotemporal event forecasting was put forth by Zhao and Gao in
[169]. Using spatiotemporal activity patterns, Liu and Jing in [170] proposed an artificial
intelligence (Al) based activity mapping method for sports analytics. Long short-term memory
(LSTM) was used by Yan etal. in [171] to propose an end-to-end position aware spatiotemporal
activity analysis.

The methods in [165] and [166] offer straightforward models for activity mapping and ROI

detection, however, such methods lack precision of ROI detection. The approaches suggested
in [167] to [171] offer effective spatiotemporal activity mapping for ROI detection, but at the
expense of high computational complexity, making them unsuitable for systems with scarce or
constrained resources. From the aforementioned references, there appears a trade-off between

accuracy and computational complexity of the activity mapping approaches.

2.5 Research Gaps

From the review of existing literature as discussed in this chapter, the following research gaps
in active vision systems are observed that require exclusive attention:

e From the literature survey, it has been observed that the data captured by camera sensors
deployed in active vision systems specifically designed for low resource utilization
carry unoptimized information. Such systems rely on either pre-defined prioritization of
areas under observation or activity mapping based on only one frame (i.e., most recently
captured frame). Thus, such active vision systems results in inefficient activity mapping
that results in low efficiency of the systems.

e For efficient calibration of configuration space of each camera sensor deployed in active
vision systems, appropriate understanding of the scene is critical. Typically, activities
of an object of interest detected over different periods of time, when analysed over a

timeline presents an understanding of the events in the scene. From the literature survey,
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it has been observed that spatiotemporal relationship between activities and events
missing.

e Fromthe literature survey, it has been further observed that the task load for each camera
sensor is distributed based on predefined protocols established at the time of deployment
of active vision systems which results in inefficient task load balancing between nodes
of camera network.

e The state-of-art active vision systems follow a centralized control paradigm for
reconfiguration of camera sensors. Such systems fail miserably in unforeseen
conditions, and thus lacks security and reliability. From the literature survey, the active
vision systems lack adaptiveness which requires a technical solution to incorporate

adaptiveness and high data exchange security to the active vision systems.

2.6 Conclusion

A successful computer vision system depends on accurate sensor data collection and a
spatiotemporal understanding of the scene. Most sophisticated computer vision systems use a
highly complex computation model to address both of the aforementioned issues, which is very
problematic for most active vision systems with constrained resources.

As mentioned above, the functionality of active vision systems and the reconfiguration of the
camera sensors that feed such active vision systems with data are interdependent. Modern active
vision systems struggle miserably to deal with unforeseen conditions as it takes time for the
reconfiguration model to be trained and adjust to the new circumstances and develop
understanding of the unforeseen event. Thus, it is nearly impossible to reconfigure the
configuration spaces of camera sensors deployed in such active vision systems in real-time.
Furthermore, to process sensor data and create an understanding of an event, majority of the

contemporary active vision systems rely on Artificial Intelligence-based models. However,
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such models run the risk of data loss because they are vulnerable to visual attacks such as
adversarial attacks.

Thus there remains a need to associate the understanding of each activity temporally with a
model having low computational complexity such that the model can be used with resource
limitations. There further remains a need to incorporate self-adaptation to active vision systems
to manage unforeseen conditions with low latency. Furthermore, such a system needs to be
highly secure, scalable, and reliable.

The literature review is presented in one of our research papers cited as [172].
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Chapter 3

SPATIOTEMPORAL ACTIVITY
MAPPING

As there remains a need for a system to derive an understanding of an event by spatiotemporally
evaluating a feed from a camera sensor network without exhausting the resources. This chapter
presents a Spatiotemporal Activity Mapping (SAM) framework to generate efficient and
dynamic spatiotemporal activity maps for a smart camera network with a low computational
load and complexity. Thus, the SAM framework provides a solution for efficient and reliable
activity based reconfiguration for active vision systems with limited resources. The SAM
framework utilizes fundamental computer vision techniques such as frame differencing,
binarization, thresholding, and federated optical flow for spatial activity mapping. The SAM
framework further presents a temporal relationship function based on half width of normalized

Gaussian Distribution to relate past and present frames temporally.

3.1 Foreground detection

As the framework requires low computational complexity and efficient foreground detection,
the SAM framework proposes an adaptive background subtraction technique for initial

background-foreground segregation. For initial foreground detection, the adaptive background
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subtraction utilizes frame differencing [173], adaptive thresholding inspired by recursive
adaptive thresholding in [174], and binarization in progression to the adaptive thresholding. The
frame differencing technique enables the SAM framework to detect pixels in motion in a
number of consecutive temporal frames captured by a camera sensor network over a period of
time. The adaptive thresholding enables the SAM framework to selectively segregate the pixels
of each temporal frame for initial background-foreground segregation. After the adaptive
thresholding, the SAM framework generates the initial foreground with original pixel values
(i.e., from 0-255). Binarization, in progression to the adaptive thresholding enables the SAM
framework to binarize the pixel values of the initial foreground corresponding to each camera
sensor of the camera sensor network. The adaptive background subtraction provides an efficient
filter for initial foreground detection in each temporal frame at a cost of low resource utilization.

e Frame differencing: frame differencing utilizes differences in pixel values of

consecutive frames captured by a stable camera sensor to determine regions in motion
captured in the camera sensor’s field of view. The ADAPSR framework identifies
individual frame differences for each frame by comparing two temporally consecutive
frames captured by the same camera sensor. Differences in pixel values of each
consecutive frame for a range of ‘t’ from 2" frame to t™" frame is computed using
equation 3.1 as presented hereinbelow.

Fi(i,)) = P(i,j)- Pea(i,j) (3.1)
Where, i and j represent the pixel width and height, respectively, F: (i,j) denotes the
frame difference for t" frame, Px(i,j) denotes the (i,j)™ pixel value of the t frame, and
Pt(i,j) denotes the (i,j)™" pixel value of the (t-1)™ frame.

e Adaptive Thresholding: Adaptive thresholding provides a selective filtering for pixels

of each frame by determining a cumulative mean values of the frame differences in each

frame ‘Fi (i,j) . Each frame difference value F: (i,j) below the cumulative mean value
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(i.e., adaptive threshold value specific to the frame) is assigned a numerical ‘zero’ pixel
value, and each pixel value above the cumulative mean value is retained. The cumulative
mean value of frame difference corresponding to each frame is determined using
equation 3.2 as presented hereinbelow.

The = 8y Fe (L))/i*] (32)
Where Th: represents denotes the cumulative mean value of the frame differences (i.e.,
the adaptive threshold value) for the t™ frame.
Binarization: Binarization enables the SAM framework to represent the initial
foreground pixels of each image frame in either of “zero” binary value (i.e., zero pixel
value) or “one” binary values (i.e., 255 pixel value) based on the adaptive threshold
value, which reduces the computational load for the upcoming steps of activity mapping.
The binarization of each pixel of each frame based on the respective adaptive threshold
value is determined by using a conditional equation 3.3 as presented hereinbelow.

—

0 (i.e., binary value 0°); if Pt(i,j) < Tht
Pi(ij) = (3:3)

255 (i.e., binary value ‘1°); if Pt(i,j) > Tht.

—

Upon binarization of the initial foreground, the SAM framework derives an initial
foreground of each pixel with reduced dimensions.

Federated optical flow: The initial foreground detected by the SAM framework includes

errors due to unwanted activities such as shadows and undesirable moving portions
(such as tree leaves moving in consecutive frames and the like) captured by the camera
sensors. To address this problem of detecting undesirable objects in the scene, the SAM

framework presents a federated optical flow based activity filter to remove such
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unwanted portions from the initial foreground. The SAM framework proposes
determination of an optical flow in consecutive frames captured by each camera sensor
parallel to adaptive background subtraction. The optical flow of each pixel is determined
in terms of a pixel heading (i.e., pixel distance moved and a direction of movement of
each pixel in each frame with respect to its previous frame). The SAM framework
further proposes determining a cumulative optical flow of each pixel in the consecutive
frames in terms of the pixel heading. To avoid the effects of atmospheric interference,
the direction of motion is detected with a tolerance of ‘6’ ( i.e., obtained through
comparison with the ground truth data over a number of images from various datasets).
The cumulative optical flow ‘O¢’ for each pixel in the frames captured by a camera
sensor is determined by equation 3.4 as presented hereinbelow.

Oc (i,j)dir= X 0(i, j)dir+s (3.4)
Where “Oc (i,j)dir represents the cumulative optical flow of (i,j) pixel moving in ‘dir’
direction, ‘¢’ represents the number of frames, and ‘O(i,j)dir+s” represents the optical flow
of (i,j)™ pixel in ‘dir’ direction with tolerance value ‘5°.
Furthermore, the SAM framework proposes determining a cumulative mean value ‘Tho’

from the cumulative optical flow ‘Oc’ as presented by equation 3.5 hereinbelow.

Th.o — Z Oc(iiu?dir (35)
The cumulative mean value ‘Tho’ is further used to filter the initial foreground to
determine the actual foreground. The filtration of initial foreground using federated

optical flow is presented through equation 3.6 hereinbelow.

[ 255 (i.e., binary value ‘1°); 1f Oc(i,j) > Tho

Pe(ij) = — (3.6)

| 0 (i.e., binary value ‘0°); 1f Oc(i,j) < Tho
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Through the proposed adaptive background subtraction and the federated optical flow, the SAM
framework provides an efficient foreground detection for accurate activity mapping without

extensive exploitation of computational resources.

3.2 Temporal Relationship Function

Adaptive background subtraction and federated optical flow based filtering enable an efficient
foreground detection by processing consecutive frames captured by the camera sensors.
However, for efficient activity mapping and scene understanding, there is a need for an accurate
yet non-complex temporal frame relationship. To achieve the same, the SAM framework
proposes utilization of a normalized Half Width of the Gaussian distribution curve (partially or
completely) for temporal association of frame captured by a camera sensor over a period of
time. Specifically, for illustration of effect of spatiotemporal relationship in activity mapping,
a normalized Half Width Half Maxima (HWHM) Gaussian distribution curve is utilized.
Although, the use of the normalized HWHM Gaussian distribution curve is subjected to
illustration of the effects of temporal activity mapping for specific circumstances assumed for
testing on 300 consecutive frames captured by a camera sensor, it will be apparent to a person
skilled in the art that the temporal relationship is not limited to the use of normalized HWHM
Gaussian distribution curve as shown in Figure 3.1. Rather, the Half width Gaussian distribution
function can be partially or completely utilized for temporal relationship of the consecutive
frames based on the criticality and application of the active vision system, it is deployed in.

The normalized Gaussian distribution curve and the normalized HWHM gaussian curves are

presented hereinbelow through equations 3.7 and equation 3.8, respectively.

G (X|u, 0?) = (exp*=—M/2Y\ 2 (3.7)
H(x|u,a?) = (1/(sqrt(2ma®))* exp ((X-u)/ 2a?)) (3.8)
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Where, G(X|u,o?) represents the Gaussian distribution function, H(x|u,a?) represents the
normalized HWHM Gaussian function (i.e., temporal relationship function used for association
of consecutive frames), ¢ and « represent a mean value and the standard deviation value of the
normalized HWHM Gaussian distribution. For normalized Gaussian function being a

normalized function, the value of yis set to ‘1°, that reduces the equation 3.8 to equation 3.9 as

presented hereinbelow.

H(a) = (sqre(2*logn(2)) * a)/2 =1.799 o (3.9)

0 50 100 150 200 250 300

Figure 3.1 Normalized HWHM Gaussian curve for spatiotemporal relationship

3.3 Spatiotemporal activity mapping

The SAM framework proposes determining temporal importance function ‘Ht* from the
spatiotemporal relationship through Normalized HWHM Gaussian function ‘H(a)’ as presented
above. Further, the SAM framework proposes using the temporal importance function for
generation of spatiotemporal activity maps corresponding to each camera sensor. The
spatiotemporal activity map bears information of Regions of Importance (ROI) corresponding
to each camera sensor. Pixel importance ‘A(i,j)’ can be derived through spatiotemporal activity
map can be derived through equation 3.10 as presented hereinbelow.

Al )= 25 Pe(i,J)- He (3.10)
The pixel importance derived through spatiotemporal activity map cumulatively presents a
pixel-wise activity value detected by the camera sensor. However, for analyzing an event that

lasts for a very long period of time, the activity map can have very high values which may tend
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to infinity, specifically for active vision systems deployed for applications such as continuous
surveillance/monitoring, analytics of continuous data, and the like. High values corresponding
to pixel importance in the activity map further increases the computational load on the system
for further computations. Thus, to address the abovementioned challenge, the SAM framework
proposes determining normalized importance for each pixel (i.e., pixel sensitivity). The pixel
sensitivity can be derived through equation 3.11 as presented hereinbelow.

S(i,J) = A(i,J)/ max(A(i,j)) (3.11)
Where, ‘S (i,J) " represents pixel sensitivity value of (i,j) pixel, ‘A(i,j) " presents the pixel
importance value for (i,j) pixel and ‘max(A(i,j)) " presents a maximum value of the pixel
importance values of the spatiotemporal activity map.
Based on the pixel sensitivity values, the SAM framework proposes generation of a sensitivity
map for each camera sensor in the form of a heat map. The SAM framework further proposes
segregation of pixels into a number of clusters using the variational Bayesian method presented
in [56].
Furthermore, the SAM framework proposes determination of one or more important clusters
from the number of clusters based on a sensitivity threshold ‘7hs’ derived through mean

thresholding of the pixel sensitivity values as presented in equation 3.12 hereinbelow.

_ ¢S
The =% (3.12)

For identification of the important clusters, the SAM framework presents determining average
sensitivity value of each cluster and comparing the average sensitivity value of each cluster with
the sensitivity threshold ‘Ths’ as presented in equation 3.13 hereinbelow.

Sn(i,)); If Sn(avg) > Ths (i.e., important clusters)

Sn(ij) = — (3.13)

0; If Sn(avg) < Ths (i.e., non-important clusters)
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The SAM framework further proposes determining a center point of each cluster of the one or
more important clusters. From each center point, the SAM framework proposes determination
of a center of Region of Importance (ROI). The SAM framework further proposes
reconfiguration of calibration parameters such that a center of the field of view (FOV) is
matched to the corresponding center of ROI. As the SAM framework proposes calibration of
camera sensors through low computational load, it provides efficient spatiotemporal activity-

based calibration for active vision systems with limited resources.

3.4 Model

As discussed earlier, the SAM framework is specifically designed with low computational
complexity to enhance the performance of an active vision system by providing activity based
reconfiguration of calibration parameters of the camera sensors deployed in the system without
extensive utilization of resources. Specifically, the development of an operational model based
on the SAM framework requires at least one camera sensor, a processing circuitry, and a local
memory unit. The camera sensor is configured to capture consecutive images of a scene (i.e.,
an environment under observation) over a period of time, which is specific to either of, one or
more activities captured in the scene and the criticality of an application for which the model is
deployed. For flexibility of operation of the model, the period of time for each application is
customizable. The camera sensor, by way of either of, an internal camera processing circuitry
(i.e., in case of smart cameras) and the processing circuitry of the model is configured to
determine its configuration space in real time such that the configuration space includes internal
and external calibration parameters of the camera sensor.

The processing circuitry is configured to perform various image processing tasks as discussed
earlier in section 3.1 to section 3.3 such as initial foreground detection using adaptive
background subtraction, background filtration through federated optical flow, temporal

relationship assignment to consecutive images captured by the camera sensor, spatiotemporal

51



activity mapping, and normalization of spatiotemporal activity map to determine pixel
sensitivity map. The processing circuitry is further configured to perform various computational
tasks such as clustering of the pixels in the pixel sensitivity map, determining one or more
important clusters, determining a centre of each important cluster, determining a centre point of
the sensitivity map (i.e., a cumulative centre point of the various individual centre points
corresponding to the one or more important clusters), determining a calibration model based on
objectives and calibration parameters of the camera sensor, and calibrating the calibration
parameters to match the centre point of the sensitivity map with the centre of the camera sensor’s
field of view.

The local memory unit is configured to store the images captured by the camera sensor, activity
maps, pixel sensitivity maps, configuration space values, calibration parameters, camera

calibration models etc.

3.5 Process

The SAM framework provides calibration of configuration space of one or more camera sensors
deployed in the active vision system based on the spatiotemporal activities detected and

analysed in the field of view of each camera in the process shown in Figure 3.2 hereinbelow.
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Figure 3.2 Process flow of SAM framework
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Notations Used:

k: Number of past frames (images) captured by the camera sensor;

S(t): Image data (in pixel values) sensed by the camera sensor in the present frame;

S(t-i): Image data (in pixel values) sensed by the camera sensor in “i” frames prior to the
present frame;

Sui: Initial activity data obtained by object detection on S(t-i) using frame differencing;

Soi: Data obtained by applying adaptive thresholding on Saui for initial filtration of noise from
the initial activity data;

Ssi: Initial foreground data in binary pixel values obtained by binarization of Sa;;

Sai: Enhanced foreground Data obtained by filtering Ssi using federated optical flow to remove
unwanted portions from the initial foreground data;

H(t-k): Temporal function for k™ frames prior to the present frame;

Ssi: Temporal component of S4i obtained as a product of S4i and H(t-i);

X: Cumulative spatiotemporal activity map for the present frame;

N: Normalized spatiotemporal pixel sensitivity map for the present frame;

R: Reconfiguration parameters for the camera sensor;

C: Data from calibrated camera sensor; and

Y: Activity analysis after processing C.

In operation, the camera sensor captures consecutive images of the environment corresponding
to a scene (i.e., one or more activities). The camera sensor further determines and sends the
calibration parameters to the processing circuitry. The processing circuitry receives the
consecutive images and arranges them according to a respective timestamp attached to each
image. The processing circuitry further determines an initial foreground from each image of
the consecutive images using adaptive background subtraction that includes frame
differencing for determining initial activity data corresponding to each image of the

53



consecutive images to generate an initial activity data, adaptive thresholding for initial
filtration of noise from the initial activity data, and binarization for downscaling the pixel
values of the filtered initial activity data to binary form to reduce the computational load of
proceeding computations. Furthermore, upon determination of initial foreground regions from
each image of the consecutive images, the processing circuitry filters unwanted regions from
the initial foreground using the federated optical flow technique to determine accurate
foreground regions for each image of the consecutive images.

Upon the determination of the accurate foreground regions corresponding to each image, the
processing circuitry determines a temporal relationship function value for each image using
complete (or partial) half width of Gaussian distribution curve. The portion of the half width
Gaussian distribution is selected based on the criticality and type of application and is
customizable to provide flexibility of operation for various types of applications. The
processing circuitry further determines a corresponding temporal component for each image
of the consecutive images by multiplying each image with its corresponding temporal
relationship function value. The processing circuitry further determines a cumulative activity
map by pixelwise addition of each temporal component of each image of the consecutive
images. To avoid high computational complexity due to cumulative pixel values approaching
infinite values, the processing circuitry determines normalized values for each pixel (i.e., pixel
sensitivity value) for each pixel in the cumulative activity map to generate a sensitivity map
(i.e., heat map).

Based on the sensitivity map, the processing circuitry segregates the pixels of the sensitivity
map into a number of clusters and determines one or more important clusters using mean
thresholding technique. The processing circuitry further determines the centre of each

important cluster, and a centre point from all the centres of the important clusters. Furthermore,
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the processing circuitry calibrates the parameters of the camera sensor such that the centre of

the camera sensor’s field of view coincides with the centre point.

3.6 Performance Parameters

The performance of the proposed SAM framework is evaluated in terms of multi-object
tracking accuracy (MOTA) (i.e., the accuracy of detection of regions having pixels of
importance) based on the spatiotemporal pixel sensitivity map derived by processing the
number of consecutive images captured by the camera sensors. The MOTA (%) increases
when the truly detected importance pixel count increases and the falsely detected importance
pixel count reduces. To obtain the ground truth data for sensitivity maps, markers are applied
on the consecutive temporal images for evaluation of the performance of SAM framework in
terms of MOTA (%). Specifically, the MOTA (%) depends on true positive pixel count (TPC),
true positive pixel detection rate (TPR), false positive pixel count (FPC), false positive pixel
detection rate (FPR), true negative pixel count (TNC), true negative pixel detection rate (TNR),
false negative pixel count (FNC), and false negative pixel detection rate (FNR) as presented
in equation 3.14 hereinbelow.

MOTA (%) = {(Pt- Pf)/Pt} * 100 (3.14)
where, ‘Pt’ represents the total pixel count in the pixel sensitivity map, and ‘Pf’ represents the
count of falsely detected or non-detected pixels in pixel sensitivity map.

The total pixel count ‘Pt” in the pixel sensitivity map is represented by equation 3.15 as:

Pt=TPC + FPC + TNC +FNC (3.15)
and the count of falsely detected pixels ‘Pf’ in the pixel sensitivity map is represented by
equation 3.16 as:

Pf=FPC + FNC (3.16)
Based on the MOTA (%), the efficiency of the SAM framework is compared with other state

of art systems.
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3.7 Simulations

For illustration of the effectiveness of the proposed SAM framework, the model is tested using
various video datasets, where each video dataset mimics the images captured by a single
stationary camera sensor capturing consecutive images over a predefined period of time.
Specifically, the video datasets include surveillance datasets and sports datasets with
specifications of 30 frames per second, resolution of 360x640 pixels per frame, and a duration
of 10 seconds of each video dataset for multi-object detection and tracking application. As the
model is demonstrated for a very short duration of video datasets, the framework is proposed
to use HWHM Gaussian with normalized value of mean (p) and standard deviation (o) of 1
and 0.5, respectively. The performance of the model based on SAM framework is compared

with approaches in [165], [166], and [175] in terms of MOTA (%) for traffic flow estimation

and multi-object tracking. The simulations and results are derived using MATLAB Image
Processing Toolbox on a work station (GPU) with 128 GB of Random-access memory and
Intel(R) Xeon(R) Silver 4214 CPU @ 2.19-2.20 GHz. Simulation results of randomly selected
frames from the video datasets are shown hereinbelow. Specifically, the extracted frames, the
initial foreground after adaptive background subtraction, and the federated optical flow is
shown in Figure 3.3 for video data sample 1, Figure 3.5 for video data sample 2, Figure 3.7
for video data sample 3, Figure 3.9 for video data sample 4, Figure 3.11 for video data sample
5, and Figure 3.13 for video data sample 6, respectively. A comparison of activity map and
normalized pixel sensitivity derived by different approaches is as shown in Figure 3.4 for video
data sample 1, Figure 3.6 for video data sample 2, Figure 3.8 for video data sample 3, Figure
3.10 for video data sample 4, Figure 3.12 for video data sample 5, and Figure 3.14 for video

data sample 6, respectively.
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Video data sample-1 (Traffic Surveillance dataset):

Frame (35) Frame (150) Frame(278)

(b) Results post binarization obtained from data sample 1

Frame (35) Frame (150) Frame (278)
(c) Optical flow estimation in data sample 1

Figure 3.3 Simulation results from video data sample 1 using SAM framework.
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Figure 3.4 Activity maps and pixel sensitivity maps of video data sample 1 by different approaches; [A] by Pan
et al. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using
SAM framework model.

57



Video data sample-2 (Traffic Surveillance dataset):

Frame (40) Frame (120) Frame (240)

(a) Random frames obtained from data sample 2 (gray scale)

Frame (40) Frame (120)

(b) Results after binarization from data sample 2

Frame(240)

Frame (40) Frame (120) Frame (240)
(c) Optical flow estimation from data sample 2

Figure 3.5 Simulation results from video data sample 2 using SAM framework.
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Figure 3.6 Activity maps and pixel sensitivity maps of video data sample 2 by different approaches; [A] by Pan
etal. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using
SAM framework model.
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Video data sample-3 (Traffic Surveillance dataset):

Frame (63) Frame (138) Frame (186)
(a) Random frames obtained from data sample 3 (gray scale)

Frame (138) s Frame (186)
(b) Results after binarization from data sample 3

Frame (63)

Frame (63) Frame (138) Frame (186)
(c) Optical flow estimated from data sample 3

Figure 3.7 Simulation results from video data sample 3 using SAM framework.
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Figure 3.8 Activity maps and pixel sensitivity maps of video data sample 3 by different approaches; [A] by Pan
et al. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using
SAM framework model.
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Video data sample-4 (Sports dataset - Badminton):

Frame (100) : Frame (150) Frame (200)
(a) Random frames obtained from sports sample (gray)

Frame (100) Frame (150) Frame (200)
(b) Results after binarization from sports sample

Frame (150) Frame (200)

(c) Optical flow estimated on sports sample

Frame (100)

Figure 3.9 Simulation results from video data sample 4 using SAM framework.
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Figure 3.10 Activity maps and pixel sensitivity maps of video data sample 4 by different approaches; [A] by
Pan et al. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach
using SAM framework model.
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Video data sample-5 (Sports dataset - Sword fight):
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a. Random frames from the dataset (gray)
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c. Optical flow from various frames from the dataset

Figure 3.11 Simulation results from video data sample 5 using SAM framework.
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Figure 3.12 Activity maps and pixel sensitivity maps of video data sample 5 by different approaches; [A] by
Pan et al. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach
using SAM framework model.
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Video data sample-6 (Sports dataset - Tennis):

Frame (50) Frame (150) Frame (200)
a. Random frames from the dataset (gray)

Frame (50) Frame (150) Frame (200)
b. Random binarized frames from the dataset

Frame (50) Frame (150) Frame (200)
c. Optical flow from various frames from the dataset

Figure 3.13 Simulation results from video data sample 6 using SAM framework
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Figure 3.14 Activity maps and pixel sensitivity maps of video data sample 6 by different approaches; [A] by
Pan et al. in [165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach
using SAM framework model.
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3.8 Results

A comparative performance analysis of different approaches proposed in [165], [166], [175],

and the proposed SAM framework model in terms of performance parameters (i.e., MOTA

(%)) is presented in Table 3.1 hereinbelow.

Table 3.1 Comparison of performance parameters by different approaches tested on video data sample 1; [A] by
[165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM
framework model; and [E] is the true data obtained using markers.

Ref. | TPC TPR FPC FPR | TNC TNR FNC FNR MOTA
(%) (%) (%) (%) (%)
Video Data sample 1 (Traffic Surveillance):
[A] 67,830 | 92 39,114 53.0 |1,17,558 75.03 5898 3.76 43.15
[B] 66,245 | 89.85 32,761 44.4 | 1,23,911 79.09 7483 4.77 50.80
[C] 65,924 | 89.41 6,273 8.51 | 1,50,399 95.99 7804 4.98 86.51
D] 65,138 | 88.34 1,071 0.14 | 1555591 99.31 8590 5.48 94.38
[E] 73,728 | 100 0 0 1,56,672 100 0 0 100

Table 3.2 Comparison of performance parameters by different approaches tested on video data sample 2; [A] by
[165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM
framework model; and [E] is the true data obtained using markers.

Ref. | TPC TPR FPC FPR TNC TNR FNC FNR MOTA
(%) (%) (%) (%) (%)
Video Data sample 2 (Traffic Surveillance):
[A] | 83,262 | 94.50 43,149 | 48.97 99,146 69.67 4843 3.40 47.63
[B] | 81,989 | 93.05 38,102 | 43.24 1,04,193 73.22 6116 4.29 52.46
[C] | 80,594 | 91.47 8,122 9.21 1,34,173 94.29 7511 5.27 85.52
[D] | 79,813 | 90.59 1622 0.18 1,40,673 98.86 8292 5.82 94.00
[E] | 88,105 | 100 0 0 1,42,295 100 0 0 100
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Table 3.3 Comparison of performance parameters by different approaches tested on video data sample 3; [A] by
[165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM

framework model; and [E] is the true data obtained using markers.

Ref. TPC TPR FPC FPR TNC TNR FNC FNR MOT
(%) (%) (%) (%) A (%)
Video Data sample 3 (Traffic Surveillance):
[A] 1,06,274 96.15 41,827 | 37.84 | 78,051 65.11 4248 3.54 57.11
[B] 1,04,483 94.53 34,131 | 30.88 | 85,747 71.54 6039 5.03 64.09
[C] 1,02,173 92.44 9138 8.27 1,10,740 | 92.37 8349 6.96 84.77
[D] 1,00,628 91.04 1122 0.10 1,18,756 | 99.06 9894 8.25 91.65
[E] 1,10,522 100 0 0 1,19,878 | 100 0 0 100

Table 3.4 Comparison of performance parameters by different approaches tested on video data sample 4; [A] by
[165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM
framework model; and [E] is the true data obtained using markers.

Ref. | TPC TPR FPC FPR | TNC TNR FNC FNR MOTA
(%) (%) (%) (%) (%)
Video Data sample 4 (Traffic Surveillance):
[A] | 82107 95.35 26,187 | 30.41 | 1,18,105 | 81.85 4001 2.77 66.82
[B] | 80926 93.98 19,223 | 22.32 | 1,25,069 | 86.68 5182 3.59 74.09
[C] | 78446 91.10 5,982 6.94 | 1,38,310 | 95.8 7662 531 87.75
[D] | 77102 89.54 2,321 2.69 1,41,971 | 98.39 9006 6.24 91.07
[E] | 86108 100 0 0 1,44,292 | 100 0 0 100

Table 3.5 Comparison of performance parameters by different approaches tested on video data sample 5; [A] by
[165]; [B]- by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM
framework model; and [E] is the true data obtained using markers.

Ref. | TPC TPR FPC FPR | TNC TNR FNC FNR MOT
(%) (%) (%) (%) A (%)
Video Data sample 5 (Sports dataset- Sword fight):
[A] | 66,121 91.87 23,877 | 33.17 | 1,28,547 81.14 5,885 3.71 63.12
[B] | 63,964 88.86 21,232 | 29.49 | 1,37,192 86.59 8,012 5.05 65.46
[C] | 58,372 81.10 12,121 16.84 | 146303 92.35 13,604 8.58 74.58
[D] | 54,232 75.34 8,962 12.45 | 1,49462 94.32 17744 11.2 76.35
[E] | 71,976 100 0 0 158424 100 0 0 100
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Table 3.6 Comparison of performance parameters by different approaches tested on video data sample 6; [A] by
[165]; [B]. by Mehboob et al. in [166]; [C]. by Indu, S. in [175]; [D] is our proposed approach using SAM

framework model; and [E] is the true data obtained using markers.

Ref. | TPC TPR FPC FPR TNC TNR FNC FNR MOTA
(%) (%) (%) (%) (%)
Video Data sample 6 (Sports dataset- Tennis):
[A] 46,185 94.34 20,863 42.61 1,60,602 88.50 2,768 1.52 55.87
[B] 43,266 88.38 18,286 37.35 1,63,179 89.92 5,687 3.13 59.52
[C] 38,128 77.89 12,112 24.74 1,69,353 93.32 10,825 | 5.97 69.29
[D] 37,109 75.81 8,934 18.25 1,72,531 95.08 11,844 | 6.52 75.23
[E] 48,953 100 0 0 1,81,465 100 0 0 100

The average performance of the proposed SAM framework is compared with systems

proposed in [176] and [177] through video data sample 1 to video data sample 3 for traffic

surveillance applications, and RGB sequence as presented in [178] with data sample 4 to data

sample 6 for sports analytics application. The comparison of performance of the SAM

framework model with [176], [177] and [178] is presented in Figure 3.15.
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Figure 3.15 Comparison of SAM performance with [176], [177] and [178] (in average MOTA %).

3.9 Conclusion

Performance of a successful active vision system depends on the accuracy of images captured

by the camera sensor, a spatiotemporal understanding of the scene, and data processing
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capabilities of the system. Advanced active vision systems typically use highly complex
computation model to address the aforementioned issues, which may be problematic for
systems with constrained resources. The SAM framework addresses the challenge of
spatiotemporal activity mapping that can balance the performance of active vision system with
limited resource availability.

The SAM framework model analyses the scene in both spatial and temporal perspectives, and
generates adaptive activity maps for sensor reconfiguration so that the important region(s) can
be captured near to the center of the camera sensor's field of view. The framework pre-
processes the sensor data using simplistic image processing techniques like background
subtraction, binarization, thresholding, and federated optical flow. The temporal relationship
between the consecutive image frames is represented by a half-width Gaussian distribution.
The proposed SAM framework's straightforward model yields highly accurate spatiotemporal
activity mapping with low computation complexity and load, and thus requires low system
resources. The performance is compared in terms of MOTA (%), where the SAM framework

model outperforms contemporary systems presented in [165], [166], [175], [176], [177] and

[178]. Specifically, the SAM framework model showcases 0.79% better average MOTA
relative to [176] and 8.39% better average MOTA relative to [177], when tested on traffic
surveillance datasets (i.e., data samples 1, 2 and 3). The SAM framework model further
showcases 4.21% better average MOTA as compared to [178], when tested on sports datasets
(i.e., data samples 4, 5 and 6). The development of SAM framework model resulted in two

research publications cited as [175] and [179].
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Chapter 4

ADAPTIVE
SELF-RECONFIGURATION

Computer vision has seen tremendous advancement in technology and an exponential increase
in the number of used case applications in the last decade. The growth in future leads to
development and deployment of futuristic, advanced, and adaptive computer vision
applications such as completely automated driverless vehicles, tele-immersion, advanced
sports analysis, and the like. Most of the advanced computer vision applications require
performing highly complex computations in real time. Presently, such capabilities are only
confined to large datacentres which are not accessible to all, due to humongous expenses and
unavailability for specific applications.

As most of the advanced computer vision technologies use artificial intelligence (in one form
or the other), it is nearly impossible to train such systems in near real time for any unforeseen
condition, even after extensive exploitation of datacenter resources. Thus, there is a need to
develop an adaptive system that is capable of data and information sharing such that the
training latency can be reduced. The contemporary art presents systems based on transfer
learning to facilitate an adaptive trait to the system, however such systems are also far away

to tackle unforeseen conditions without any prior training experience in near real time. To
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address the aforementioned problem, an Adaptive Self-Reconfiguration (AdapSR) framework

is presented in this chapter.

4.1 Self-Reconfiguration

Self-Reconfiguration is a property of a system to understand a situation of operation and re-
configure its performance parameters to optimize its performance. To achieve a state of self-
reconfiguration, the system must be capable of understanding the objectives of operation,
derive a relationship of reconfiguration parameters and their effects on the performance of the
system. Specifically, a self-reconfigurable active vision system requires determining a
relationship between calibration parameters of the camera sensors and re-configuration of the
calibration parameters to capture better scene yielding to an improved understanding of
activities from the scene. More particularly, if an active vision system employs a network of
camera sensors (i.e., a smart camera network), to possess self-reconfiguration the active vision
system must be capable of understanding the effects of dynamic changes and unforeseen
situations and/or activities to calibrate the configuration space of each camera sensor deployed
in the network. The ability to adapt to such changes and situations, and reconfigure
performance parameters for optimized overall performance of the system is known as self-
adaptation [180].

Various approaches have been proposed in the past for self-adaptation of computer vision
systems. Leong et al. in [181] proposed self-reconfiguration of parameters of unmanned aerial
vehicles used for surveillance. Self-reconfiguration of distributed smart camera network for
vehicle re-identification is proposed by Martinel et al. in [182] using deep learning models.
Various models are compared by Nataranjan et al. in [183] for self-reconfiguration of computer
vision systems for data extraction through active camera nodes of a computer vision system.
However, for an efficient and accurate self-reconfiguration, the active vision system must be

capable of identification of its state, its performance parameters, and most critically it must be
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capable of deriving a relationship between the performance parameters and the outcome of
calibration of the parameters, which is found missing in the state-of-art. Further, an optimized
self-reconfiguration of an active vision system demands self-adaptation. Figure 4.1 depicts a

dynamic reconfiguration framework for SCNs proposed by Piciarelli et al. in [8].
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Figure 4.1 Dynamic Self-reconfiguration framework [8]

The dynamic reconfiguration framework of [8] used a Smart Camera Network to determine an
overall state (F), overall quality (Q), and overall resource utilization (R) of the system from
set of data corresponding to node’s local states (f), local QoS of nodes (q) and resource
utilization of the nodes (r), respectively. Piciarelli et al. in [8] through the dynamic
reconfiguration framework further demonstrated the capabilities of a re-configurator to
identify changes in parameters in accordance with a resource model and the system's goals.
However, as the dynamic reconfiguration framework in [8] was developed for a centralized
environment, the framework failed to tackle unforeseen conditions with utmost efficiency. To
tackle an unforeseen condition that is not identified within the smart camera network, the

framework had to completely determine the reconfiguration parameters from the scratch,
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which makes it unfavorable to tackle unforeseen conditions in near real-time, and thus limits
the operational applications of the system. The dynamic reconfiguration framework proposed
by Piciarelli et al. in [8] was later improved by Rudolf et al. in [190], Cai et al. in [191], and
Suresh et al. in [192] for adaptive self-reconfiguration of smart camera networks, however, it

also lacked adaptiveness.

4.2 Self-Adaptation

Self-adaptation is referred to as the ability of a system to learn and adapt to dynamic changes
in its state of performance, and update its performance parameters accordingly through
information and knowledge received from other systems. In contrast to self-reconfiguration,
self-adaptation facilitates a system to enhance its performance through updating configuration
space of nodes, active participants, model parameters, and algorithms shared by other systems
in a network. Self-adaptation further enables a system to provide a best configuration space
suitable to tackle a particular condition that may be unforeseen to another system, thus
provides an established pretrained model for enhanced performance in terms of efficiency and
timeliness of computation.

To achieve self-adaptation, a system must possess two fundamental properties: self-expression
and self-awareness. Self-expression is an ability of a system to determine local states of each
component deployed in the system towards the overall state in terms of the Quality of Service
(QoS) delivered by the system (computed by way of the performance parameters of the
system). Self-expression further enables the system to share the state parameters
corresponding to its local and overall state, the objectives of operation and associated data
and/or metadata to other systems associated with the system. Furthermore, self-expression
enables the system to receive feedbacks from other systems based on the information shared

by the system. Self-awareness is an ability of the system to question its local and overall
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operational states, and adjust its configuration space based on the feedback from other systems
that is best suitable to tackle the unforeseen condition.

Rinner et al. in [181] proposed six major steps for self-adaptation based on a market-based
approach to self-awareness: resource monitoring, object tracking, topology learning, object
handover, strategy selection, and objective formation. In [182], Lewis et al. distinguished
between explicit and implicit events and discussed the privacy, scope, and quality of self-
adaptation. Lewis and Chandra in [183] discussed formal models for self-adaptation and their
applications in Artificial Intelligence systems, conceptual systems, engineering, automotive
systems, computing, and the like. Wang et al. in [184] discussed self-adaptation methods with
online learning capabilities. Ali et al. in [185] proposed an auto-adaptive multi-stream
architecture with multiple heterogeneous sensors and pipelined switches between processing
states and ideal states to reduce power utilising a Field Programmable Gate Array (FPGA)
implementation that demonstrated inter-frame adaptation capability with a relatively low
overhead. In [186], Guettalfi et al. proposed an architecture for public and private self-
awareness using actuators that incorporate QoS, resource estimation, a feedback mechanism,
and state estimation. Zhu et al. in [187] and Lin et al. in [188] proposed unsupervised learning
based self-adaptation for person re-identification. Wu et al. in [189] and Rudolph et al. in [190]
proposed adaptive self-reconfiguration systems for computer vision applications based on
sharing of information amongst nodes that are internally deployed in the smart camera
network. However, both systems being designed for centralized systems limit the knowledge
sharing to internal nodes of the camera network, and thus are confined to limited learning and
knowledge sharing within the smart camera network. Further, the adaptive self-reconfiguration

systems proposed in [189] and [190] were also prone to visual attacks if AI/ML models are

utilized for operation. Rudolf et al. in [190], Cai et al. in [191], and Suresh et al. in [192]

improved the dynamic reconfiguration framework proposed by Piciarelli et al. in [8] for
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adaptive self-reconfiguration of smart camera networks to enhance the detection accuracy,
however, the operation in centralized network environment limits their adaptiveness and thus

capabilities to tackle unforeseen conditions in near real-time.

4.3 Adaptive Self-Reconfiguration Framework

From the aforementioned, it is well established that the scene understanding and the
reconfiguration of calibration parameters of camera sensors are interdependent, which makes
it very challenging for a system to determine an accurate configuration space to derive
optimized scene understanding for completely unknown environments in near real-time. With
some preliminary understanding of an event, the latency and efficiency of complex
computations used for deriving scene understanding can be highly improved.

To address the abovementioned challenge, The Adaptive Self-reconfiguration (AdapSR)
framework is specifically designed to extend the scope of the dynamic re-configuration
framework by Piciarelli et al. in [8] for a distributed network of systems. It is a well-known
fact that sharing information is simpler and less exerting than deriving information, and thus
requires less resources. The AdapSR framework mimics human learning and knowledge
sharing based on past experiences to a distributed network of systems, and thus facilitates
systems with a self-adaptive capability to tackle unforeseen situations more efficiently than
those solutions operating in a centralized environment.

More particularly, the AdapSR framework utilizes data and information sharing among a
distributed network of computer vision systems. In situations when an unforeseen activity is
detected by a system, the AdapSR framework enables determining a similar activity that was
analysed by any other system in the distributed network in the past and fine tuning its
information and model to tackle the unforeseen conditions in near real-time without

extensively exploiting the resources of datacenters. Thus, the AdapSR framework provides an
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efficient solution for efficient and adaptive active vision systems to tackle unforeseen

conditions in near real time.

4.4 Model

As discussed earlier, the AdapSR framework is specifically designed to facilitate a plurality of

smart camera networks with an adaptive self-reconfiguration capability to enable calibration

of configuration space of each camera sensor network efficiently. The AdapSR model

architecture is as shown in Figure 4.2 hereinbelow.
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Figure 4.2 AdapSR architecture for active vision systems

Notations used:

Xi: it active vision system;

SCNi: it smart camera network

sij: j camera sensor of the i smart camera network;

Xm

Ni: Number of camera sensors in the it" smart camera network;

{Ci}: Set of input data for the i" smart camera network;

{C:}: Set of output data for the i smart camera network;
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Ei: Self-expression data for the i" active vision system;

Ai: Self-awareness data for the it" active vision system;

m: Number of active vision systems utilizing the AdapSR framework;

B: Distributed blockchain network comprising “M” number of datacenters; and

Dk: k! datacenter in the distributed blockchain network.

Specifically, the development of an operational model based on the AdapSR framework
requires a plurality of active vision systems and a plurality of processing nodes co-operatively
coupled to each other in a distributed network. More particularly, the plurality of processing
nodes are datacenters coupled to each other in a distributed blockchain network. The
functionality of an active vision system is defined by the objectives of the active vision system.
Each active vision system of the plurality of active vision systems deployed in the AdapSR
framework model includes a smart camera network that includes a plurality of camera sensors,
an information fusion unit, and a reconfiguration unit. Each camera sensor of the plurality of
camera sensors is configured to capture images of an environment to be analysed. Each smart
camera network is configured to determine local state of each camera sensor in terms of local
configuration space, values of the calibration parameters, and the amount of the resources
utilized and left with each camera sensor. Each smart camera network is further configured to
determine an overall state of the active vision system based on the local states of each camera
sensor and the functionality of the active vision system. The information fusion unit associated
with each active vision system is configured to attach a timestamp and a camera identifier to
each image for identification. Further, the information fusion unit combines the timestamped
images with camera identifiers to generate an image data for each active vision system.
Furthermore, the information fusion unit is further configured to fuse the image data with the
system’s state to generate a self-expression information corresponding to the active vision

system.
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The reconfiguration unit of each active vision system is configured to receive a self-awareness
information from the plurality of processing nodes deployed in the distributed network of
processing nodes. The reconfiguration unit is further configured to determine reconfiguration
parameters from the self-awareness information and calibrate the configuration space of each
camera sensor of the smart camera network based on the self-awareness information.

The plurality of processing nodes is configured to receive the self-expression information from
each active vision system. The plurality of processing nodes is further configured to identify
the functionality of each active vision system from the self-expression information, and
segregate the active vision systems into a number of groups based on their respective
functionalities.

Upon segregation of the active vision systems, the plurality of processing nodes is configured
to determine a spatiotemporal sensitivity map for each active vision system based on the
consecutive timestamped images from the self-expression information (as presented in
Chapter 3). Furthermore, the plurality of processing nodes is configured to determine a QoS
of each active vision system based on analysis of the spatiotemporal sensitivity map of each
active vision system. The plurality of processing units further includes a distributed ledger to
store models, sensitivity maps and configuration space associated with an activity identified
by any active vision system of the plurality of activity systems corresponding to a particular
functionality of the active vision system. The plurality of processing units is further configured
match the spatiotemporal sensitivity map with the sensitivity maps derived from past
experiences of the plurality of active vision systems in the distributed ledger based on the
functionality of the active vision system to identify a best suitable sensitivity map for the active
vision system and send the self-expression information to the active vision system including

the configuration space of associated with the best suitable sensitivity map.
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4.5 Process

The AdapSR framework provides calibration of configuration space of the camera sensors
deployed in each active vision system of the plurality of active vision systems based on the
self-expression information generated by the plurality of processing nodes. In operation, the
AdapSR model, by way of each active vision system, further generates a self-expression
information and sends the self-expression information to the plurality of processing nodes.
Further, the AdapSR model, by way of the plurality of nodes segregates the plurality of active
vision systems based on the functionality of each active vision system. Furthermore, the
AdapSR model, by way of the plurality of processing nodes generates a spatiotemporal
sensitivity map for each active vision system, and determine a QoS of each active vision
system based on analysis of the corresponding spatiotemporal sensitivity map. Furthermore,
the AdapSR model, by way of the plurality of processing nodes identifies a best suitable
sensitivity map for the active vision system and send the self-expression information to the
active vision system including the configuration space of associated with the best suitable
sensitivity map.

Specifically, to evaluate the performance of the AdapSR framework, Region Proposal
Network model (i.e., a faster R-CNN model) presented by Ren et al. in [193] is used for
segmentation and comparison of spatiotemporal sensitivity maps. It must be apparent to a
person skilled in the art that the Region Proposal Network model is used just for illustration of
the effectiveness of AdapSR framework as compared to the centralized reconfiguration
systems, and the functionality of the AdapSR framework is not limited to it. The AdapSR
framework can be utilized with any kind of segregation and comparison model without
deviating from its scope. More particularly, the Region Proposal Network model (i.e., a faster
R-CNN model) presented by Ren et al. in [193] provides determination of a number of regions

of interest (ROI) from the spatiotemporal sensitivity maps. Each region of interest is then
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classified by the Convolution Neural Network (CNN) classifier to identify a class
corresponding to each Region of Interest detected of the number of Regions of Interest. The
AdapSR model further generates a matching score by comparing each Region of Interest with
the Regions of Interest of the predefined sensitivity maps stored in the distributed ledger to
generate a matching score. Based on the matching score, one or more sensitivity map and their
corresponding configuration parameters are determined matching the spatiotemporal
sensitivity map of the active vision system that are used to generate self-expression
information for the active vision system using CNN of the Proposal Network model.

The sensitivity map from the distributed ledger is selected for an active vision when the
matching score is greater than a threshold value, that is determined using mean thresholding (as
presented in Chapter 3) of all the activities determined by the plurality of processing nodes, and
thus provides an adaptive improvement of the protocols over a period of deployment time.
Further, the AdapSR model selects the sensitivity map with highest matching score above the
mean threshold value to be most suitable for the active vision system. In a scenario, when none
of the sensitivity maps has a matching score higher than the threshold value, the AdapSR
framework proposes segregating the plurality of processing nodes into two categories: processor
nodes and validator nodes. The processor nodes generate a set of protocols for determination of
the configuration model for the active vision system using CNN and the validator nodes are
configured to validate the configuration parameters based on update in the Quality of Service
of the active vision system received in the form of the self-awareness information provided by
the active vision system. Specifically, the AdapSR framework model identifies the center of
Regions of Interest and determines its deviation from the centre of the spatiotemporal activity
map. Further, based on the calibration parameters and the functionality of the active vision
system from the self-expression information, the AdapSR framework model identifies an

updated configuration space for the active vision system. For a seamless and unbiased operation
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of the plurality of processing nodes (i.e., the processor nodes and the validator nodes), the
plurality of processing nodes are categorized based on proof of active participation (POAP)
consensus mechanism as presented in [194], and the validator nodes are rewarded based on
proof of stake (POS) consensus mechanism as presented in [195]. Due to distribution of the task
load amongst the processor and validator nodes, it is possible to tackle the unforeseen situation
in near real-time, when encountered for the first time by the entire system of smart camera

networks.

4.6 Performance Parameters

The performance of the proposed AdapSR framework is evaluated in terms of multi-object
tracking accuracy (MOTA) i.e., the accuracy of detection of Regions of Interest in the
spatiotemporal sensitivity maps determined over specific periods of time (e.g., epochs) that
represents the rate of learning of the AdapSR framework with respect to other contemporary
systems. Specifically, the MOTA (%) depends on true positive pixel count (TPC), true positive
pixel detection rate (TPR), false positive pixel count (FPC), false positive pixel detection rate
(FPR), true negative pixel count (TNC), true negative pixel detection rate (TNR), false
negative pixel count (FNC), and false negative pixel detection rate (FNR) as presented in
equation 4.1 hereinbelow.

MOTA (%) = {(Pt- Pf)/Pt} * 100 (4.2)
where, Pt represents the total pixel count in the spatiotemporal sensitivity map; and ‘Pf’
represents the count of falsely detected or non-detected pixels in the spatiotemporal sensitivity
map.

The total pixel count ‘Pt” in the spatiotemporal sensitivity map is represented by equation 4.2
as:

Pt = TPC + FPC + TNC +FNC (4.2)
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and the count of falsely detected pixels ‘Pf’ in the spatiotemporal sensitivity map is represented
by equation 4.3 as:

Pf = FPC + FNC (4.3)
Based on the progressive MOTA (%) through training over epochs, the efficiency of the SAM

framework is compared with other state of art systems.

4.7 Results

For illustration of the effectiveness of the proposed AdapSR framework, the model is tested
using various video datasets, where each video dataset mimics the images captured by a single
stationary camera sensor capturing consecutive images over a predefined period of time.
Specifically, the video datasets include surveillance datasets of 30 frames per second (i.e., data
sample 1 and 2 as presented earlier in Chapter 3), resolution of 360x640 pixels per frame, and
a duration of 10 seconds of each video dataset for multi-object detection and tracking
application. To evaluate the performance of the AdapSR framework, Region Proposal
Network model (i.e., a faster R-CNN model) presented by Ren et al. in [193] is used for
segmentation and comparison of spatiotemporal sensitivity maps. Due to the lack of resources
required to develop a private blockchain network with datacenters, we used lower processing
capabilities. The simulations and results are derived using MATLAB Image Processing
Toolbox on a work station (GPU) with 128 GB of Random-access memory and Intel(R)
Xeon(R) Silver 4214 CPU @ 2.19-2.20 GHz. The results are represented with respect to
training cycles or epochs (Ti) (each of 15 minutes duration). It must be apparent to a person
skilled in the art that the processing capabilities of a datacenter are much higher and can be
used to achieve results in near real-time.

The performance of the proposed AdapSR framework is compared with the dynamic

reconfiguration model by Piciarelli et al. in [8], in terms of MOTA when trained progressively
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over epochs and is presented in Table 4.1 and Figure 4.3 for data sample 1, and Table 4.2 and

Figure 4.4 for data sample 2, respectively.

Data Sample-1:

Table 4.1 Comparison of performance of AdapSR with [8] tested on video data sample 1 in terms of MOTA%,
trained over epochs (T) of 15 minutes each.

Pixels: 640 x 360 T1 T2 T3 T4 T5 T6 T7

TPC 30,541 41,556 52,956 56,871 60,279 74,638 76,267
TNC 18,719 20,268 28,514 33,400 39,277 35,098 41,905
8] FPC 80,271 74,352 69,183 66,418 63,116 60,947 59,104
FNC 1,00,869 94,024 79,747 73,711 67,728 59,717 53,124

MOTA (%) 21.38 26.92 35.36 39.18 43.21 4763 51.29

Training cycles to obtain above 80% MOTA: 18

TPC 63,018 69,217 72,141 76,238 78,908 79,519 86,211

TNC 33,128 37,320 41,169 46,473 48,042 52,793 51,775

AdapSR FPC 47,982 43,755 40,073 36,117 36,431 31,824 29,273
FNC 86,272 80,108 77,017 71,512 67,019 66,264 63,141

MOTA (%)  41.73 46.24 49.18 53.26 55.10 57.34 59.89

Training cycles to obtain above 80% MOTA: 12

Surveillance dataset-1

1 2 3 1

[raining cycles

e [ 3] w  AdapSR

60
50 //
.

Training cycles to obtain 80% MOTA

Surveillance Dataset-1

AdapSR

Figure 4.3 Comparison of the performances of the system in [8] and AdapSR for data sample 1.

Data Sample-2:

Table 4.2 Comparison of performance of ADAPSR with [8] tested on video data sample 2 in terms of MOTA%,
trained over epochs (T) of 15 minutes each.

Pixels: 640 x 360 T1 T2 T3 T4 T5 T6 T7
TPC 23,211 27,324 29,841 33,266 36,421 39,972 41,101
TNC 50,080 58,477 66,581 69,515 76,451 77,601 83,591
[8] FPC 89,233 85,161 82,686 79,957 75,277 72,098 69,035
FNC 67,876 59,438 51,292 47,662 42,251 40,729 36,673
MOTA (%) 31.81 37.24 41.85 4461 48.99 51.03 54.12

Training cycles to obtain above 80% MOTA: 15

ADAPS TPC 38,211 40,128 41,007 42,091 43,108 43,236 43,901
R TNC 70,860 77,652 83,017 84,952 90,317 92,884 96,666
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FPC 77,102 71,928 69,982 67,041 66,101 65,384 63,687

FNC 44,227 40,692 36,394 36,316 30,874 28,896 26,146

MOTA (%) 47.34 51.12 53.83 55.14 57.91 59.08 61.01
Training cycles to obtain above 80% MOTA: 11
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Figure 4.4 Comparison of the performances of the system in [8] and AdapSR for data sample 2

4.8 Conclusion and Scope

The functionality of active vision systems and the reconfiguration of the sensors that feed those
systems with data are interdependent. However, it can be difficult to reconfigure the calibration
space of an active vision system using a network of sensors. The contemporary computer
vision systems struggle miserably to deal with unforeseen conditions, as it takes ample amount
of time to develop understanding of the unforeseen condition. Thus, it is almost impossible to
reconfigure such a system in real-time. Further, to process sensor data and derive an
understanding of the scene, majority of contemporary active vision systems rely on Artificial
Intelligence (Al) based models that are vulnerable to visual attacks (such as adversarial attack).
The proposed AdapSR framework model provides fast and efficient reconfiguration of a smart
camera networks to tackle unforeseen conditions by deriving an understanding of the condition
based on past events experienced by other smart camera networks coupled to a blockchain
network. The blockchain network of the AdapSR framework acts as a system of systems,

connecting a number of smart camera networks together in a distributed environment. The
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performance of AdapSR framework surpasses the state of art dynamic reconfiguration
presented in [8] that is the base of various adaptive reconfiguration systems in terms of multi-
object tracking accuracy (MOTA) and processing latency. With some limitations and
presumptions, the proposed AdapSR framework is tested in a homogeneous sensor
environment, however, the AdapSR framework aims to be developed for heterogeneous
systems to broaden the scope of its applications in the future. The AdapSR framework model
is presented in one of our research papers cited as [172].

Further, for storage of large data (corresponding to training models, datasets etc.) in the
distributed ledger, the AdapSR framework proposes data compression using an autoencoder

model which is presented in Chapter 5.
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Chapter 5

AUTO-ENCODER FOR
ADAPTIVE
SELF-RECONFIGURATION

The Adaptive Self-Reconfiguration (AdapSR) framework presents an efficient solution for
self-adaptation and self-reconfiguration of active vision systems. However, the accessibility
of datacentres required by the AdapSR is limited and so is the data storage capability of each
datacentre deployed in the blockchain network and performing active vision tasks for the
AdapSR model. As the blockchain network determines, analyses and stores a number of
activities associated with each active vision system utilizing its resources, with time the size
and the data pertaining to activities and events analysed by the blockchain network increases
drastically. As the storage capacity associated with each datacentre is limited, and the
parametric data, datasets, protocols, and other data/metadata associated with the activities is
distributed throughout the network of datacentres, it is a matter of concern for the blockchain
network deploying datacenters to manage such a big data. Addition of new datacentres to the
network is an expensive affair and leads to an everlasting increase in expenses of the network.

Typically, the consecutive images captured by the smart camera network of each active vision
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systems used to determine the spatiotemporal activity maps and the training datasets used for
training the models (such as the training dataset of fast R-CNN as proposed in Chapter 4)
exploit the storage resources extensively.

Thus, storage of the training datasets and consecutive frames associated with the activities
(hereinafter cumulatively referred to as “activity data”) in the distributed ledger needs
immediate attention and demands a technical solution to optimize the storage size by
appropriate and efficient compression of the activity data. There further remains a need to
determine critical information associated with the activity data for efficient storage of the
compressed form of the activity data such that the critical information associated with the data
is not lost and the activity data can be retrieved in its original form whenever required by the
blockchain network. To address this problem, we propose a simple yet effective auto-encoder

model for compression of the activity data based on the properties of Gyrator Transform (GT).

5.1 Gyrator Transform

Gyrator transform (GT) is widely exploited in cryptography as presented in [196]-[198] due
to its simplistic computations and resultant properties. The Gyrator Transform as presented in
[199] is a linear canonical integral transform, that results in a twisted rotational effect in
position-spatial frequency planes of phase space. Gyrator Transform is an extension to Fast
Fourier Transform (FFT) that produces a similar effect to rotation of an input signal about the
optical axis. The rotation angle (o) of transform is used as encryption parameter whereas
negative of the rotation angle is utilized as the key to revert the effect at the decryption phase.
This holds a strong security as the rotational angle can take any value from 0 to 2. At /2 the
Gyrator Transform behaves as FFT. Gyrator Transform holds scalability, periodicity and

additive property with respect to the rotation angle which makes it an efficient tool for

cryptography.
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Initially, the input data ‘g(x,y)’ (preferably in the form of a matrix, however not limited to it)
is multiplied with a first conversion factor to determine a first intermediate state ‘g2(x,y)’ as
presented in equation 5.1 hereinbelow.
ga(x,y) = e/l o g(x,y) (5.1)

where, ‘e /v@ADANcone) represents the first conversion factor, x and y represents the input
coordinates, respectively, ‘41’ represents the differential value of input coordinates x and vy,
and o represents the rotation angle.
Further, a Discrete Fourier Transform (DFT) is applied to the first intermediate state ‘g2 (x,y)’
to determine a second intermediate state ‘G2 (p,g)’, which upon transpose generates a third
intermediate state ‘Gas (p,q)’. Furthermore, the third intermediate state ‘Gu.s (p,q)’ is
multiplied by a second conversion factor as presented in equation 5.2 hereinbelow.

Go3 (p,q) = ((42)2 (|csc (@)|/2 ). g /pad2A2) cott@)) G, 5 (p,q) (5.2)
where, ‘422 (|csc (a)|/2 w). e Pa42)(42) con@)* represents the second conversion factor, p and g
represents the output coordinates, respectively, ‘42’ represents the differential value of the
output coordinates p and g, and o represents the rotation angle.

The transformation of data through the Gyrator Transform is shown in Figure 5.1 hereinbelow.

INPUT DATA ‘g (X,y)’

e jxy(A1)(A1) cot a

‘g2 (Xy)’
DFT

‘G a,2 (p’q),

Transpose

A,

‘G a,3 (p1q)’

(A2)2. (|escal/21r). e pa(a2)(a2) cota

OUTPUT DATA ‘G (p,q)’

Figure 5.1 Computation of Gyrator Transform for Autoencoder
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5.2 Autoencoder Model

The compression properties of Gyrator transform as shown in Figure 5.1 are used by the
proposed autoencoder for self-adaptive re-configurator to compress the activity data for
storage in the distributed ledger of the blockchain network. From the above discussion on
transformation of data by way of the Gyrator Transform (GT), it is well-established that the
encryption-decryption of data typically depend on the dimension of the input and output data,
the differential value of the input and output coordinates corresponding to the input and output
data, respectively, and most importantly the rotation angle (o). Thus, the autoencoder model
proposes selection of random values from 0 to 27w for selection of the rotation angle, a random
value for output dimension that is less than the input dimension, and a random value for
selection of the differential value of the output co-ordinates. Based on the selected values and
the dimensions and differential value of input coordinates from the input images, the
autoencoder model, by way of the plurality of processing nodes is configured to generate a
feature vector for each image.

For compression of each image of the activity data, the autoencoder model is configured to
perform pre-processing of each image by binarization and thinning of each image of the
activity data. The autoencoder is further configured to encrypt each image of the activity data
using the corresponding feature vector by way of Gyrator Transform (GT), which encrypts and
compresses the data of each image of the activity data. Furthermore, the autoencoder model is
configured to identify the non-zero pixels of each encrypted image. Upon identification of the
non-zero pixels of each encrypted image, the autoencoder model is configured to generate an
encrypted data for each image based on the metadata of the non-zero pixels of the encrypted
image, and the feature vector, that is stored in the distributed ledger. The image can be
retrieved using the Gyrator transform (GT) with the values in the feature vector using (-o) as

the rotation angle.
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5.3 Process

The autoencoder provides compression and encryption of the activity data by way of Gyrator
Transform (GT) using random parametric values, that results in increased security and reduced
size of the activity data for efficient storage of activity data in the distributed ledger. In
operation, the autoencoder generates a random feature vector for each image of the activity
data, and encrypts the images based on the corresponding feature vector using Gyrator
Transform (GT). Upon encryption of the images, the autoencoder identifies non-zero pixel
values of each encrypted image and generates an encrypted data for each image based on the
metadata of the non-zero pixel values and the feature vector corresponding to the image. The
encrypted data is then stored in the distributed ledger. The Gyrator transform is further used
on the encrypted data with the encryption parameters in the feature vector, and a negative
rotation angle (-a) to retrieve the original image. The autoencoder model is tested on a sample

image in the next section.

5.4 Simulations and Results

For testing the efficiency of the proposed autoencoder, the autoencoder model is tested on a
sample fingerprint image. The fingerprint image is selected to verify the performance of the
autoencoder in retaining the important information associated with each fingerprint. It is a
well-established fact that each fingerprint is different from the other based on its features
known as minutiae. Minutiae carry the important information of each fingerprint image and
thus are critical to each fingerprint. For illustration, the autoencoder model is tested with the
basic three minutiae associated with any fingerprint that are (i) ridge bifurcation, (ii) ridge
continuation, and (iii) ridge ending. To determine the abovementioned minutiae, the
fingerprint image is pre-processed by binarization and thinning to one pixel width. Further, a

(3x3) pixel mask is used on the fingerprint image to determine fingerprint minutiae shifting
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the mask to each pixel of the pre-processed image. The minutiae are determined by the values
of the pixels surrounding the center of the mask. For example, when the center pixel of the
(3x3) pixel mask is surrounded by two dark pixels on one side, such a situation corresponds to
a ridge bifurcation, else when the center pixel is surrounded by only one dark pixel continuing
along the ridge, such a situation corresponds to ridge continuation, else when the center pixel
is not surrounded by any dark pixel on a side of the center pixel, such situation corresponds to

ridge ending as shown in Figure 5.2.

a.Ridge Bifurcation  b.Ridge Continuation  c.Ridge ending

Figure 5.2 Classification of fingerprint minutiae
For testing the efficiency of the autoencoder, we determined minutiae from original fingerprint
image and then encrypted the original image using GT based autoencoder using rotation angle
(a) equal to 0.8 . The output pixel dimensions are kept equal to the input pixel dimensions,
and the input and output differential values are kept equal to 1’ for simplicity. The results
obtained by the autoencoder through the process are shown from Figure 5.3 to Figure 5.6
hereinbelow.

Binarized Fingerprint Image Thinned Fingerprint Image ~ Fingerprint Minutiae
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Figure 5.3 Minutiae determined from input image
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Thinned Fingerprint Image

o

Gyrator Transform
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Figure 5.4 Encryption of pre-processed image using GT with o0 =0.8 1T
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Figure 5.5 Minutiae determined from the encrypted image

The minutiae derived from the input pre-processed image and the minutiae derived by the

decrypted thinned image (i.e., received after decryption of the encrypted image) are compared,

and it is observed that each minutia of the input image is preserved. Due to less information

contained in the image encrypted by the autoencoder, the size of the image is reduced.

Specifically, for the configuration mentioned hereinabove, a 33KB custom fingerprint image

is pre-processed and encrypted resulting in an 8KB encrypted image with a feature vector of

approximately 1KB associated with it.

5.5 Conclusion and Scope

By the comparison of the features of the input and output fingerprint images, it has been

observed that the autoencoder encrypts the image without losing the critical information of the
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image. The autoencoder further provides an efficient reduction in the size of the image in terms
of memory occupancy, which specific to the custom fingerprint image with a rotation angle
value (o)) equal to 0.8 7, output pixel dimensions equal to the input pixel dimensions, and the
input and output differential values equal to ‘1°, resulted in 9KB data (including 1KB feature
vector) compressed from 33KB (original size of the fingerprint image) such that the
compressed image occupies only 0.28 times the memory size as compared to the original
image. As the occupancy of the distributed ledger of the AdapSR framework model is highly
affected by the humongous size of datasets and the consecutive images captured by each active
vision system, the autoencoder provides a relief to the exploited utilization of the distributed
ledger. It must be apparent to a person skilled in the art that the abovementioned ratio of the
reduction in size is specific to the use of autoencoder in the specific configuration used on the
custom fingerprint image and may vary with the type of information contained by the image,
however the compression of the image is confirmed for any image without losing the critical
features of the image.

The autoencoder is proposed to compress and encrypt activity data including the consecutive
images and the image datasets, however the autoencoder model is yet to be modified and tested
for encryption and compression of the parametric data, protocols, model data, and other
data/metadata associated with the AdapSR model.

The use of Gyrator Transform of the autoencoder model for compression and encryption of

image data is presented in one of our research papers cited as [200].
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Chapter 6

DYNAMIC SPEED LIMIT
ALLOCATION

Injuries, fatalities and deaths caused by road accidents are the major public health hazards
affecting families mentally, physically, emotionally and financially. As presented in a road
accident report of the year 2018-2019 by Delhi police [201], more than 90% of the vehicles
on road are motorcycles and private cars with an average yearly growth of over 6% in India.
Most of the causalities are faced by best productive age group of 25 to 50 years old which
affects as an overall dip of 3% in GDP of a nation. New Delhi, the national capital of India
records the second largest population density of the nation with a total population of over 32
million people. As reported in the report [201], over 5000 road accidents, and over 1400 deaths
due to road accidents is recorded every year in the capital. An average of 24.63% are reported
severe accidents every year out of which over 85% of the victims with fatal injuries and deaths
are pedestrians, car occupants and two-wheeler riders. Various factors like over speeding, red
light jumping, driving without helmet, drink and drive, using mobile phones while driving,
wrong lane driving and poor maintenance of road and vehicles enhance the possibility of road

accidents, over speeding being one of the major reasons of fatal injuries and death. The main

91



reason of such accidents is impatience of people due to traffic jams, but what causes traffic
jams? The answer is simple, traffic density is uneven throughout the day, however, traffic
speed limits are fixed. This fixed speed limit causes chaos and traffic jams resulting in higher
number of accidents, causalities and even death. Thus, there remains a need of an automated
dynamic speed allocation system that can predict and allocate speed limit of an area based on
a number of parameters such as the traffic analysis, conditions of the road and probability of
accidents at a specific speed limit particular to that area. This chapter presents a Dynamic

Speed Allocation (DSA) framework for prediction of traffic speed limit for different areas.

6.1 Dynamic Speed Allocation Framework

The Dynamic Speed Allocation (DSA) framework presents dynamic speed allocation, and is
inspired by the AdapSR framework as presented in Chapter 4 for adaptive prediction of
suitable speed limits in different areas. The DSA framework, based on input data
corresponding to different areas in the form of a plurality of parameters such as traffic density,

accident count, static speed limit etc., predicts a most suitable speed limit for each area.

6.2 Model

The operational model based on the DSA framework requires a plurality of smart sensor
networks deployed in different areas and a plurality of processing nodes co-operatively
coupled to each other in a distributed network. More particularly, the plurality of processing
nodes can be datacenters coupled to each other in a distributed blockchain network (when
deployed for real time dynamic traffic speed limit allocation based on real-time analysis of
video feed of each area). Each smart sensor network is configured to obtain in real time, a
number of parameters that correspond to determination of speed limit of an area. Specifically,
the speed limit of each area depends on two major factors: Traffic density, and probability of

accidents. The objective of the DSA framework is to determine an optimum speed limit for
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each area for minimizing the traffic density and probability of accidents. The DSA model

architecture is as shown in Figure 6.1 hereinbelow.

{S,}

“ Fusion

Re-
configurator

Figure 6.1 Framework for dynamic speed limit allocation.

Notations used:

Xi: it area under observation;

Pij: j™ parameter of the it area;

ni: Number of parameters in the i area;

{Si}: Input parametric data of it area;

{Si-}: Revised parametric data for the it" area;

Ei: Self-expression data (i.e., cost function) for the it area;
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Ai: Self-awareness data (i.e., optimized cost function) for the it area;
m: Count of areas utilizing the DSA framework;
B: Distributed network comprising “M” number of datacenters/processors; and

Dk: ki datacenter in the distributed network.

Each smart sensor network includes a number of smart sensors for determination of the
plurality of parameters associated with the speed limit of that particular area. The area further
has a fusion unit to generate an initial cost function comprising weighted sum of the plurality
of parameters, that is transferred to the plurality of processing nodes of the distributed network.
Each area further has a re-configurator unit that is configured to receive an optimized cost
function from the plurality of processing nodes and derive the revised values of the plurality
of parameters based on the optimized cost function. The plurality of processing nodes is
configured to receive the initial cost function from each area, and derive a relationship between
the plurality of parameters for optimizing the cost function. The plurality of processing nodes
is further configured to compare the initial cost function of each area to determine a best area
with the highest initial cost function. Furthermore, the plurality of processing nodes is
configured to determine a relative efficiency of speed limit (in terms of a normalized efficiency
score) of each area in reference to the best area. Based on the normalized efficiency score of
each area, the plurality of processing nodes is configured to generate the optimized cost
function of each camera with optimized values of each parameter of the plurality of parameters
and a relationship between the plurality of parameters, that is specific to each area.
Specifically, as the plurality of parameters for DSA framework include traffic density (T),
static speed limit (V), and probability of accident i.e., measured in terms of count of accidents
per unit area (A), such that the speed limit (V) is inversely related to the count of accidents per

unit area (A) and the traffic density (T). Thus, the initial cost function (E) (i.e., the self-
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expression) of each area is a weighted sum of the plurality of parameters as presented in
equation 6.1 hereinbelow.

E= S(Wi.V) + Wy, D) + Wa. (7)) (6.1)
The plurality of processing nodes utilizes the parametric data from each area to train a neural
network for determination of the relationship between the parameters. Specifically, the neural
network is configured to determine based on the count of accidents per unit area (A) and the
traffic density (T) of each area, a best area amongst all the areas. Further, the plurality of
processing nodes, by way of the neural network is configured to determine the relative score
for each area, and update the speed limit (), and predict the count of accidents per unit area
and the traffic density based on the updated speed limit. The plurality of processing nodes is
further configured to send the updated parametric value to each area, where based on the
updated speed limit, the static speed limit is adjusted to compare the effect of the updated
speed limit on the traffic density and the accidents per unit area. Each smart sensor network is
further configured to generate an updated set of parametric data based on the updated speed
limit which is compared with the predicted values by the plurality of processing nodes to
determine an error function (or the loss function). After iterative updating of the parametric
values, the DSA framework model achieves a steady relationship between the plurality of
parameters in terms of individual weights corresponding to each area. The steady relationship

in terms of weights is further used to dynamically allocate the speed limit to each area.

6.3 Process

The DSA model provides iterative updating of the plurality of parameters of each area
associated with the speed limit to derive a relationship between each parameter specific to the
area, and thus determine a dynamic speed limit for each area. The DSA model further predicts

the traffic density and the effect of the updated speed limit on the total count of accidents in
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each area. In operation, the smart sensor networks associated with each area provide the initial
cost function in terms of weighted sum of the plurality of parameters. The plurality of
processing nodes in the distributed network, by way of the neural network, using a combined
parametric data received from the different areas, determines an efficiency score for each area
and further determines an updated parametric data for each area. The updated parametric area
includes the updated speed limit, the predicted accident count (based on the updated speed
limit), and the predicted traffic density (based on the updated speed limit) for each area, which
is sent to the respective area. The updated speed limit is imposed to the respective area, and a
new parametric data is obtained. The new parametric data is further sent to the plurality of
processing nodes to determine a between the predicted traffic density, the predicted accident
count and the actual effect of the updated speed limit on the traffic density and the accident
count to determine the loss function. The loss function is minimized by iteratively updating
the weights (i.e., training the neural network) to determine relationship between the plurality
of parameters (in terms of the weights associated with the plurality of parameters in the cost
function) to determine the optimized cost function for each area. The optimized cost function
is further used by each area to derive the dynamic speed limit based on the dynamic value of

plurality of parameters for each area.

6.4 Results

The DSA model is tested on the dataset presented in [201] for traffic density of 2-wheelers and
cars, number of accidents of 2-wheelers and cars and the static speed limit of different areas
of New Delhi, India, to determine the dynamic speed limit for each area. Table 6.1 and Table
6.2 present the results generated by the DSA model for dynamic speed limit and prediction of
the accident count based on the dynamic speed limit of the different areas of New Delhi, for

2-wheelers, and 4-wheelers, respectively.
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Table 6.1 Dynamic speed limit allocation and prediction of the accident count based on the dynamic speed limit
of the different areas of New Delhi, for 2-wheelers. The data is a monthly data derived from a yearly report [201],
thus is scaled accordingly.

. Two Area  Traffic ?;223 W-Il';\elz\ger Efficiency ii)\gzgd PDreeCercat:g
S:No Location wheeler i m)  density  limit  Accident SO limit In
Count (km/h) Count 2-wheelers (km/h) Accident
2-w (%)
1  August Kranti Marg 4841 9 537.9 60 1.16 1 60 0
2 Mayapuri Road 10289 10 1028.9 30 2.25 0.986027 29.6 2.79
3 Auchandi Bawana 2228 7 318.3 50 1.33 0.9823334 49.1 3.53
4 Africa Avenue 14875 13 1144.2 60 3.018 0.965242 57.9 6.95
5  Rani Jhansi Road 11816 7 1688.0 50 5.16 0.958388 47.9 8.32
6  Sardar Patel Marg 3666 10 366.6 50 1.25 0.954599 47.7 9.08
7  Bahadur Shah Zafar Marg 2417 12 201.4 50 2.66 0.921318 46.1 15.74
8  Prithviraj Road 1765 8 220.6 60 3.018 0.917445 55 16.51
9  Guru Ravidas Marg 4231 7 604.4 60 8.16 0.915815 54.9 16.83
10  Pankha Road 7774 10 777.4 65 11 0.914754 59.5 17.05
11 Maa Anandmayee Marg 13675 11 12432 70 19.33 0.913978 64.0 17.20
12 Aurobindo Marg 8029 10 802.9 40 13.16 0.912808 36.5 17.44
13 Nangloi Najafgarh Road 4219 8 527.4 50 10 0.911239 45.6 17.75
14 Lodhi Road 1664 9 184.9 50 45 0.90926 455 18.15
15 Mehrauli Badarpur Road 16389 13 1260.7 50 31 0.908164 454 18.37
16  Bawana Road 5644 15 376.3 50 10.25 0.907263 454 18.55
17 Wazirabad Road 14390 12 1199.2 70 34.018 0.907062 63.5 18.59
18 Vikas Marg 7609 12 634.1 50 18.25 0.906861 45.3 18.62
19 Najafgarh Road 12351 10 1235.1 60 47.66 0.904943 54.3 19.01
20 Mathura Road 18370 37 496.5 50 37 0.901778 45.1 19.64
21  Grand Trunk Road 6566 12 547.2 100 42.82 0.901772 90.2 19.644
22 Rohtak Road 25102 27 929.7 60 75.16 0.901470 54.1 19.706
23  GT Karnal Road 25333 46 550.7 100 61.25 0.900749 90.1 19.85
24 Ring Road 16965 15 1131.0 50 144.166 0.900439 45 19.91
25 Outer Ring Road 72143 101 714.3 70 119.66 0.9 63 20
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The results are presented in Tables 6.1 and 6.2 for a relative decrease of maximum 10 % in the

speed limits of two-wheelers in one iteration. The difference in speed limits based on the

efficiency score through the DSA model is presented in Figure 6.2, and the effect of the

M Initial speed limit
m Altered speed limit
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updated speed in terms of predicted 2-wheeler accidents is presented in Figure 6.3

hereinbelow.

Figure 6.2 Comparison of speed limits of 2-wheelers before and after DSA.
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Figure 6.3 Comparison of accidents of 2-wheelers before and after DSA (predicted)
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Table 6.2 Dynamic speed limit allocation and prediction of the accident count based on the dynamic speed limit
of the different areas of New Delhi, for 4-wheelers. The data is a monthly data determined from a yearly report
[201], thus is scaled accordingly.

. Four Area  Traffic ?;223 WFhoel:zIrer Efficiency ii)\gzgd PDreeCercat:g
S:No Location wheeler ) density  limit  Accident , SO limit In
Count (km/h) Count 4-wheelers (km/h) Accident
4-w (%)
1  August Kranti Marg 8468 9 940.9 60 0.083 1 60 0
2 Mayapuri Road 5283 10 528.3 30 0.166 0.93528 28.1 12.94
3 Auchandi Bawana 1770 7 252.9 50 0.083 0.94482 47.2 11.036
4 Africa Avenue 22686 13 1745.1 60 0.22 0.9589 57.5 8.22
5  Rani Jhansi Road 4080 7 582.9 50 0.44 0.91265 45.6 17.47
6  Sardar Patel Marg 6419 10 641.9 50 0.083 0.95498 45.7 9.004
7  Bahadur Shah Zafar Marg 2706 12 225.5 50 0.166 0.91392 46.1 17.216
8  Prithviraj Road 3815 8 476.9 60 0.166 0.92211 55.3 15.578
9  Guru Ravidas Marg 1829 7 261.3 60 0.664 0.90335 54.2 19.29
10  Pankha Road 5741 10 574.1 65 0.833 0.90609 58.9 18.78
11 Maa Anandmayee Marg 5455 11 495.9 70 1.33 0.90273 63.2 19.454
12 Aurobindo Marg 11632 10 1163.2 40 0.916 0.91098 36.4 17.804
13 Nangloi Najafgarh Road 2407 8 300.9 50 0.75 0.90335 45.2 19.33
14 Lodhi Road 5438 9 604.2 50 0.25 0.91873 45.9 16.254
15 Mehrauli Badarpur Road 10200 13 784.6 50 2.166 0.90253 451 19.494
16  Bawana Road 4183 15 278.9 50 0.75 0.90283 45.1 19.43
17 Wazirabad Road 4429 12 369.1 70 2.25 0.9005 63 19.9
18 Vikas Marg 6671 12 555.9 50 1.33 0.90324 45.2 19.352
19 Najafgarh Road 6331 10 633.1 60 3.33 0.90098 54.1 19.804
20 Mathura Road 23597 37 637.8 50 2.66 0.9015 45.1 19.7
21  Grand Trunk Road 6832 12 569.3 100 3 0.90098 90.1 19.804
22 Rohtak Road 14858 27 550.3 60 55 0.90001 54 20
23  GT Karnal Road 21861 46 475.2 100 4.83 0.9 90 20
24 Ring Road 22997 15 1533.1 50 10.33 0.9005 45 19.9
25 Outer Ring Road 122085 101 1208.8 70 8.5 0.9004 63 19.98
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Figure 6.5 Comparison of accidents of 2-wheelers before and after DSA (predicted)

in Figure 6.4, and the effect of the updated speed in terms of predicted 2-wheeler accidents is

The difference in speed limits based on the efficiency score through the DSA model is presented
presented in Figure 6.5 hereinbelow.
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wheelers is shown in Figure 6.6 and Figure 6.7,
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parameters derived from different areas under observation. The effect of the change speed limit
in accordance with the relationship presented by Cameron et al. in [202], that validates the

The DSA framework is based on the architecture of SAM framework presented in Chapter 4,
and provides an efficient adaptive dynamic speed limit allocation based on the plurality of
respectively. The effect of the change in speed limit on the change in accidents is found to be

effectiveness of the proposed DSA framework model.

6.5 Conclusion and Scope
on the accident count for 2-wheelers and 4
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Figure 6.6 Effect of speed limit change on 2-wheeler accidents (predicted)
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Figure 6.7 Effect of speed limit change on 4-wheeler accidents (prediction)



The DSA framework is tested on a steady dataset [201], and not on a real-time analysis of video
feeds from different areas. Thus the traffic density is assumed to be constant, however for real-
time applications, the traffic density can be determined by the total count of two-wheelers and
four-wheelers per unit area dynamically captured by a computer vision system. Further, the
DSA framework can be used to regularize the traffic speed based on the actual traffic density
of each area, which requires development and deployment of the DSA model in cooperation

with a network of computer vision system, and thus requires future advancements.

The DSA framework is presented in a research paper submitted for publication, that is under

review.
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Chapter 7

CONCLUSION
AND FUTURE SCOPE

This chapter will summarize the major contributions and achievements that come out of the
present work. The summary of the major contributions follows in the following Section 7.1.
Despite the significant contributions, no research is said to be complete unless it directs to a
few topics for future research. Hence, the potential work that can be explored further is briefly

discussed as directions to future work in the Section. 7.2.

7.1 Summary of Major Contributions

The essence of this thesis work is to design and develop efficient techniques for adaptive
reconfiguration of calibration parameters of active vision systems to capture objects of interest
with enhanced resolution, that yields to an improved understanding of the scene. In order to
address the limitations of various aspects in this field, several innovative frameworks and
methods have been suggested under current work which are summarized as follows:
e Smart camera networks deployed for a variety of applications require different resource
utilization models based on the objectives and resource availability. Thus, there is a

requirement to understand the requirements and objectives prior to designing an active
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vision system prior to its deployment in computer vision applications. This thesis
segregates the computer vision applications into two categories based on the
requirements, objectives and resource availability, and proposes framework models
specifically designed to fulfil the requirements of each category. Particularly, both the
framework models are designed for an directed objective of adaptive reconfiguration of
the smart sensor networks deployed for active vision applications for improved object
detection and enhanced understanding of the scene.

Advanced and complex systems are the possible state-of-art options for re-
configuration of sensor’s parameters. However, such approaches are not feasible to be
used for mobile systems with limited computational, power, and storage resources. To
address the aforementioned challenge, this thesis presents the SAM framework for
spatiotemporal activity mapping that can balance the performance of active vision
system with limited resource availability, and is used for reconfiguration of the active
vision system.

The SAM framework model analyses the scene in both spatial and temporal
perspectives, and generates adaptive activity maps for sensor reconfiguration so that
the important region(s) can be captured in the camera sensor's field of view. The
framework pre-processes the sensor data using simplistic image processing techniques
like background subtraction, binarization, thresholding, and federated optical flow. The
temporal relationship between the consecutive image frames is represented by a half-
width Gaussian distribution. The proposed SAM framework's straightforward model
yields highly accurate spatiotemporal activity mapping with low computation
complexity, and thus employ system low resources. The performance is compared in
terms of MOTA, where the SAM framework model outperforms contemporary systems

presented in [165], [166], [176], [177] and [178]. Specifically, the SAM framework
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model showcases 0.79% better average MOTA relative to [176] and 8.39 % better
average MOTA as relative to [177], when tested on traffic surveillance datasets (i.e.,
data samples 1, 2 and 3). The SAM framework model further showcases 4.21% better
average MOTA as compare to [178], when tested on sports datasets (i.e., data samples
4,5 and 6).

The contemporary computer vision systems struggle miserably to deal with unforeseen
conditions, as it takes ample amount of time to develop understanding of the unforeseen
condition. Thus, it is almost impossible to reconfigure such a system in real-time.
Further, to process sensor data and derive an understanding of the scene, majority of
contemporary active vision systems rely on Artificial Intelligence (Al) based models
that are vulnerable to visual attacks (such as adversarial attack). The proposed AdapSR
framework model provides fast and efficient reconfiguration of a smart camera
networks to tackle unforeseen conditions by deriving an understanding of the condition
based on past events experienced by other smart camera networks coupled to a
blockchain network. The blockchain network of the AdapSR framework acts as a
system of systems, connecting a number of smart camera networks together in a
distributed environment. The performance of AdapSR framework surpasses the state of
art dynamic reconfiguration presented in [8] that is the base of various adaptive
reconfiguration systems in terms of multi-object tracking accuracy (MOTA) and
processing latency.

The AdapSR framework model relies on storage of activity data, models, parametric
data and large image datasets and consecutive images to be saved in the distributed
ledger of the distributed network utilized by the AdapSR model. However, the
accessibility of datacentres required by the AdapSR is limited and so is the data storage

capability of each datacentre deployed in the blockchain network and performing active
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vision tasks for the AdapSR model. Thus, the AdapSR model requires compression of
large datasets for optimum utilization of storage resources. To achieve the same, the
autoencoder presented in Chapter 5 presents a model for compression of the large image
data by utilizing the properties of Gyrator Transform for image encryption without
hampering the features of the image. Further the autoencoder presents generating a
feature vector for each compressed image that includes the metadata of each compressed
image, and is associated with each image before storage in the distributed ledger. The
autoencoder showcases generation of the compressed image that occupies only 0.28
times the memory size as compared to the original image.

The application of the proposed AdapSR framework is not limited to self-
reconfiguration of calibration parameters of the smart sensor network. Rather, the
adaptive reconfiguration properties of the AdapSR framework can be used for
reconfiguration of any set of parameters, and is not specific only to computer vision
applications. To demonstrate the same, the DSA model is realized based on the
architecture of AdapSR framework for dynamic allocation of speed limits to various
locations (areas), and is used to establish a relationship between speed limit variation

and possibility of accident avoidance.

7.2 Future Directions

In this thesis, numerous reconfiguration frameworks for active vision systems are investigated
and explored in detail to provide novel contribution in this area. But there are some research
dimensions that arise out of the current work which demand future study. These dimensions are

summarized as directions to future work and are enlisted as follows:

The models for the SAM framework as presented in Chapter 3 and the AdapSR

framework as presented in Chapter 4 are simulated and tested on video datasets with
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a few limitations of the specifications of the video dataset. The efficiency of both the
models is yet to be tested on real-time video feed.

Deployment of the AdapSR framework (as presented in Chapter 4) is expensive due
to the utilization of distributed blockchain network, and thus the AdapSR framework
is presented and tested through simulations and model ideally. However, a real-life
deployment of the AdapSR framework is yet to be achieved for real-time adaptive
self-reconfiguration of a number of active vision systems.

The AdapSR framework is presented and tested in Chapter 4 for a homogeneous
sensor environment, however, improvements in the AdapSR framework is required
to be developed for heterogeneous systems to broaden the scope of its applications
in the future.

The autoencoder presented in Chapter 5 is tested and presented for compression of
the image datasets, however, the autoencoder model is yet to be modified and tested
for encryption and compression of the parametric data, protocols, model data, and
other data/metadata associated with the AdapSR model.

The DSA framework as presented in Chapter 6 can be used to regularize the traffic
speed based on the actual traffic density of each area, which requires development
and deployment of the DSA model in cooperation with a network of computer vision

system, and thus requires future advancements.
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