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Abstract 

 

The property of any artifact for being aware of its physical environment or situation and 

responding in a proactive and intelligent manner is the Context Awareness typically 

realized through Context Aware Applications (CAA)—an exceptional genus of WSNs. 

Although almost each CAA follows sense-decide-adapt cycle, the notion of context is 

hardwired into the applications. In such sort of mechanism when an event is triggered the 

sense-decide-actuate cycle runs and performs the required actuation. In the situations, for 

instance, whenever the same event is triggered, the cycle produces same actuation by 

using same context semantics, situational recognition, perception and adaptation, posing 

same processing load, delay and mechanical use of resources for acquiring same amount 

of actuation. In this thesis we propose CRAM, a context added system in which the 

actuations once performed by the system help the system to internally evolve by serving 

as new contexts. As the system is exposed to more situations overtime, its context 

repository is enriched through such retrospective contexts, gradually letting it perform 

internal actuation through improved introspective contexts. This internal actuation leads 

the system towards the evolution of intelligent processing by reducing the independent 

function of decision in sense-decide-actuate cycle and merging it with new context. 

Finally it reaches at a juncture where the recurrence of each event proves to be a stimuli 

that stimulates the system to respond through primed memory of introspective contexts 

achieving an imitation of learned reflex action and a cut through processing paradigm 

along with reduced time and energy expenditure. Through analytical modeling and 

prototype implementation, the performance of CRAM is substantiated. The 

implementation of reflex arc is shown to provide the same level of accuracy for visual 

context processing as that of contemporary context aware systems with more than 10 

times improvement in responsiveness. 

 

 

 



1 
 

 
 

CHAPTER 1 

 

Introduction 

 

1. Overview 

This chapter starts with the concise introduction of this research work followed by the 

brief literature review comprising of Wireless visual sensor networks and context aware 

systems (Section 1.1 and 1.2). The succeeding sections highlight the problem statement 

and its proposed solution with precise literature review based background (sections 1.3 

and 1.4). The subsequent section (1.5) of this chapter provides the research methodology 

adopted to carry-out this research work. Last section concludes the chapter by presenting 

the brief outline of this thesis.       

1.1. Introduction  

The pivotal and peerless instinct of human beings to sense, perceive, decide and then 

execute accordingly has ever been a source of muse for him since its evolution and he has 

ever been putting his best efforts to explore the anonymity of sense-decide-actuate cycle 

and its automated implementation in its vicinity. In order to achieve this rationale, tireless 

and persistent grapples have remained under his practice that ultimately resulted as the 

development of sensors and then sensor networks. Recent advancements in miniaturized 

and ubiquitous sensing devices and wireless communications, particularly in the last 

decade, have enabled the development of low-cost wireless sensor networks. The 

growing applications of wireless sensor networks in more-or-less each aspect of human 

life has made them the up-to-the-minute research area of topical times. Typical 

applications of wireless sensor networks include monitoring of possibly very large, 

remote and/or inaccessible areas, surveillance, smart environments like meeting rooms, 

buildings, homes, and highways. 

The increased computational power of sensing devices and proliferation of wireless 

networks have got enough potential to empower people to tailor their own applications 

for innovative social and cognitive activities and consequently led them towards Context-
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Aware Systems. The property of any artifact for being aware of its physical environment 

or situation and respectively responding in a proactive and intelligent manner based on 

this awareness is the Context Awareness typically realized through Context-aware 

Systems (CAS)—an exceptional genus of WSNs. Although almost each CAS follows 

sense-decide-adapt cycle, the notion of context is hardwired into the applications. In such 

sort of mechanism when an event is triggered the sense-decide-actuate cycle runs and 

performs the required actuation. In a situation, for instance, when same event is triggered 

again, the cycle produces same actuation by using same context semantics, situational 

recognition, perception and adaptation, posing more processing load, delay and, of 

course, non optimal use of resources by acquiring same amount of actuation. 

This research focuses on to develop an architecture in which the actuation once 

performed by the system helps the system to internally evolve by serving as a new 

context. As the system is exposed to more situations overtime, its context repository is 

enriched through such retrospective contexts, gradually letting it perform internal 

actuation through improved introspective contexts. Finally it reaches at a juncture where 

a new situation demands minimal actuation (external), achieving a context-added system 

in full and an ultimate imitation of Autonomic system.       

Further to this, there is no such mechanism for retention and recollection of prior 

actuations of the system to treat the reappearance of the event through its prior actuations 

based meta data. This research presents CRAM, A Conditioned Reflex Action inspired 

Adaptive Model for Context Addition in Wireless Sensor Networks, that uses the prior 

actuations based meta data stored into a particular memory section of the system named 

as priming memory. This retreatment of the event by the system results into a reflexive 

response that is based on associative learning of system through these prior actuations. 

This learned reflex response reduces the system processing to a considerable extent with 

corresponding time and energy expenditures.     
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1.2. Literature Review  

This section of the chapter provides a brief analysis of the literature reviewed for this 

research work. It is further comprised of three subsections that are detailed as:    

1.2.1. Wireless Sensor Networks 

Wireless Sensor Networks (WSNs) comprising of a large number of interconnected 

sensing nodes have been the subject of intensive research for the last one and half decade. 

The growing applications of WSNs in more or less each aspect of human life have made 

them the up-to-the-minute topical research area. The broad canvas of WSNs novel 

applications ranges from volcano, glaciers and aero-ground monitoring, reptile tracking, 

maritime navigations, studies of human anatomy and at much larger scale to the 

surveillance and defense which conclusively illustrates the omnipresence of WSNs in 

human atmosphere. The multidimensional power of WSNs is based on the ability to 

deploy a large number of miniaturized devices possessing the capabilities of sensing, 

computing and communication cycle in its totality along with the ability to assemble and 

configure themselves. Though, the capabilities of a single tiny device are minimal, their 

exploitation in very large numbers to form a web offers a new plethora of technological 

possibilities. It is of the fundamental importance that apiece node design offers a set of 

primitives that are essential to synthesize the interconnected web that will emerge as they 

are deployed, with a strict compliance of size, cost and power consumption requirements. 

Mapping of the overall system requirements down to the individual node requirements, 

capabilities and actions has ever been a core challenge in WSNs. Assuring the underlying 

hardware capabilities to synthesize the envisioned applications requires the development 

of an architecture to make the requisite outcome of WSNs a reality. The performance of 

deployed architecture can further be evaluated through a number of parameters or 

evaluation metrics.  

The key evaluation metrics for a WSN architecture are majorly included with cost, 

network longevity (lifetime), ease of deployment, coverage, response time, security, 

temporal accuracy, effective sample rate and autonomicity. These metrics, in many cases, 

are interdependent. For instance, the decrease in the effective sample size of the network 
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may result in good response time and increase in life time. Ease of deployment and 

corresponding low cost is the principal advantage of WSNs. The network is supposed to 

configure itself with any possible placement by means of minimum maintainace costs. 

Longevity of the systems is made possible by introducing some cut-through energy and 

processing mechanisms. Since it is always advantageous to deploy a WSN over a larger 

area so the coverage is extended by some multi-hop communication techniques. WSN 

response time is improved through different algorithms, memory based deployment and 

operational techniques and nodes that are all time powered. Information collected by the 

WSN is ensured to be protected from illegal access and eve-dropping. The temporal 

accuracy can be achieved by making the network capable to construct a global time-base 

that is further used to order the samples and events chronologically. The effective sample 

rate is made possible by restricting it to 1-2 samples per minute (e.g., in data collection 

networks). Autonomicity-A very important feature of present day WSNs, is achieved by 

using multiple techniques including adoption of decentralized schemes and autonomic 

functionalities like self configuration, self optimization, self healing, self protection and 

self awareness etc. 

One of the core challenges in WSNs is that these are asymmetric: the network comprises 

of too many sources (sensor nodes) and possibly one recipient (sink working as a single 

central unit in typical WSN deployments) giving rise to the problem of intra-network 

management of information flow. Whereas on the other hand, the matter of fact is that all 

the information obtained and transmitted by all sensors is not required by the final user. 

Simultaneously, in order to ensure the fault tolerance and higher level of robustness, a 

range of correlations are defined across the network with some redundancy in sensor 

placement. A possible optimal way to manage this bulk information produced by sensors 

is the best use of local computation power or onboard processing power of the sensors. 

Local processing power enables the node with self control over cross sensor correlations 

and data acquisition processes in such a way that only the required data items are routed. 

One of the best examples of the WSNs with local processing power is the visual sensor 

networks. 
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1.2.2. Visual Sensor Networks                   

Visual Sensor Networks (VSNs)special featured WSNs are the networks of visual 

devices mostly cameras equipped with enough onboard processing power to support local 

and collaborative image analysis. Pursuing the present day trends  in wireless networking, 

decentralized (distributed) sensing and onboard low-power processing. VSNs have 

offered a new technological dimension with a wide range of potential applications 

ranging from monitoring and identification to security to telepresence. In certain 

applications VSNs exhibit a different operational behavior from most of the traditional 

WSNs. For instance, a key difference lies in the nature of information acquisition by 

image sensors (cameras) from environment. Visual sensors (cameras), being composed of 

a large number of photosensitive cells, provide two dimensional data sets that is 

visualized as image. Whereas for the most part, sensors other than cameras measure and 

present the information in one dimensional data signals. This feature of additional 

dimensionality provides rich information content based data sets and simultaneously 

requires extra processing and analysis. Another apparent difference possessed by VSNs is 

the sensing model [1]. Characteristically a sensor acquires the pertinent information 

omni-directionally within from its given range, whereas the visual nodes follow a fixed-

directional data sensing model. The cameras perform the image acquisition of the 

targeted object from a predefined direction. This operational variation is based on some 

unique characteristics including local processing, precise location and orientation 

information, real time performance, time synchronization, data storage, autonomous 

camera collaboration and resource requirement. 

These unique characteristics lead the network to implement more visual processing to a) 

assemble more information about moving areas for better event classification, b) forecast 

the expected trajectory of mobile object in predefined region of interest (RoI) to develop 

a better coordination between camera nodes, and c) reduce the size of transmitted data 

(output data rate) to the next expected node by transmitting innovative information that 

was not predicted during the tracking process [2]. On the basis of local processing power 

(computation), higher image (mobile object) recognition processes can be carried-out at 
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the camera node level. These recognition processes may include speed and direction 

analysis, classification of mobile object on the basis of predefined classes (e.g. human or 

vehicle etc.), face and gait recognition and informing the next probable node about the 

mobile object expected arrival. The output information of multiple frames can be 

squeezed into a small set of parameters and can be finally represented through binary or 

ASCII formats making VSNs diverse in their operations for various delay, energy and 

bandwidth constrained applications.          

Being highly diverse in operations, VSNs are integrated with such capabilities through 

which local processing controls video and image data acquisition, removes cross-layer 

correlations and aggregates such data to transmit only what is essential. To strike at such 

optimal trade-off amongst performance and QoS guarantees amidst time synchronization, 

storage capability and multi-camera collaboration necessitates autonomous reasoning and 

decision making in unison in a highly distributed manner. To achieve such autonomous 

reasoning, VSNs must be empowered with visual context awareness.  

1.2.3. Context Aware Systems 

Regardless of the sensing type, context awareness is the ability of a system, artifact or 

service to be aware of its physical environment and to respond intelligently. The Context 

is "any information that can be used to characterize the situation of an entity. An entity is 

a person, place, or object that is considered relevant to the interaction between a user 

and an application, including the user and applications themselves" [3]. The situation is 

structured representation of contextual information at any instant of time and could be 

driven by aggregation and refining of this contextual information. Similarly "A system is 

context-aware if it uses context to provide relevant information and/or services to the 

user, where relevancy depends on the user’s task" [3]. The context awareness can be 

passive or active [4]. In passive context awareness the Context Aware System (CAS) 

continuously monitors the environment and enables the users to take actions by providing 

them with relevant options. Contrary to this, in active context awareness the system 

constantly and autonomously monitors the environment and takes the requisite actions by 

itself. Since adaptation is a core attribute of CAS [5], these systems can further be 
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explained in terms of adaptive and adaptable ones. An adaptive system automatically and 

explicitly assists the users by adapting the changes in the user environment whereas an 

adaptable system provides the user with customize solution according to its preferences. 

The active context awareness synergized with adaptive behavior leads the CASs towards 

autonomicity. Autonomicity is a self learning mechanism of a context aware system 

through built-in features like self configuration, self optimization, self healing, self 

protection and self awareness [6].  

In particular case of VSNs, visual CASs augment sensing devices with such capability 

that comprehends the user's real time visual perception and defines corresponding 

interactions with its environs in a particular situation [7]. In order to accomplish the 

targeted task, these CASs follow a sense-decide-actuate and adapt cycle in which they 

acquire the context, dig-out the situation, reason and decide the suitable actuation and 

then adapt to the resulting situation.  

1.3. Problem Statement  

A CAS that has gone through multiple actuations in response to multiple and even so 

repeating events does not learn the pattern of the occurrences of events. It means that 

when an event is triggered, it is treated afresh and the system always responds by 

executing the sense-decide-actuate cycle and carries out the requisite task. It is interesting 

to observe, however, that for scenarios in which the event is reiterated, the sense-decide-

actuate cycle is executed in its entirety once again. In other words, a CAS deals with the 

same events again and again but it does not have the capability to establish an association 

between such recurrence of events in order to perform adaptation of its internal 

functionality. This limitation of CASs is exacerbated in VSNs because the recurrence of a 

visual event in itself is always treated as the arrival of a new scene or a video. Since a 

context has not been pre-defined for such recurrence of visual events as a meta event, a 

CAS becomes static and performance limited. The same amount of image processing is 

replicated at each cooperating node during each new occurrence of the same event and 

the accumulated processing is considerably higher with corresponding energy 

consumption proving a premier bottleneck in the performance of wireless visual sensor 
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networks based CASs. So, the basic problems to be addressed in this research work can 

be stated as:    

1) Each CAS operates through a sense-decide-actuate cycle in which the actuation 

once performed by the system against a specific event does not help the system to 

treat the reappearance of the same event intelligently through on-the-fly meta 

context. Consequently, CAS executes the same cycle to gain same actuation 

resulting in suboptimal performance leading to corresponding time and energy 

expenditures. 

2) In contemporary CAS, there is no such mechanism that supports retention and 

recollection of actuations performed thus far. This limitation restricts the system 

to adopt the self associative learning ability and therefore cannot react reflexively 

in case of recurrence of an event. 

Suppose we have n number of events in a CAS, where E = {E1, E2, E3, ….. En}. 

A situation Si is observed for an event Ei that causes Actuation Ai. then:  

 

�(��)= �{�(��)} 

�(��)= �{�(��)} 

.......................... 

.......................... 

�(��)= �{�(��)} 

1.4. Proposed Model 

The over processing of existing CASs resulting in corresponding time and energy 

expenditures can be restricted through the knowledge, i.e., stored context with associated 

actuation learned by the system based on its prior encounter with the same event. This 

associative learning as a meta event context helps the system to respond impulsively 

against the recurrence of an event emulating a conditioned reflex arc1. Simultaneously, 

                                                           
1
 Reflex arc is the impulsive response of a biological system that bypasses the brain through conditioned 

behavior. 
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the actuation once performed by the system helps the system to internally evolve by 

acting as a new context. As the system is exposed to more situations where the same 

context occurs overtime, its context repository is enriched through such retrospective 

contexts, gradually letting it perform internal actuation through improved introspective 

contexts which are learnt-and-stored actuations. Finally, it reaches at a juncture where a 

new situation demands minimal external actuation, hence transforming it into a context-

added systeman ultimate imitation of an autonomic system.          

In this research, we propose CRAM, a novel cut-through processing paradigm for 

contemporary visual CASs. CRAM proposes memory-based visual context addition 

through a learnt reflex arc implementation. The reflex action is realized through a tanon-

mortise layered architecture that uses priming memory to associate prior experiences with 

newer contexts. Using an analytical model and an underlying testbed based of VISTA by 

Jabbar et al. [8], we show that CRAM results into significant reduction in image 

processing load, energy efficiency, improved compliance to end-user delay bounds and 

visual accuracy requirements.  

So for same above given parameters we can have  

�(��)= �{�(��)} 

    �(��)= �{�(��)}+ 	�(��)	 

�(��)= �{�(��)}+ 	�(��)	 

    .............................................. 

    .............................................. 

    ............................................... 

 

�(��)= �{�(��)}+ 	�(��)  where  � = � ∪ � 

 

1.5. Research Methods And Analysis 

In order to conduct the analysis and test the frame work of the proposed research, both 

the qualitative and quantitative research approaches have been used as detailed in 

chapters 5 and 6. For the qualitative testing of our proposed architecture, we have 
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designed Manhattan mobility model-based CRAM testbed for a predefined scenario in a 

field of 60m x 60m with 16 nodes. A Fixed View (FV) camera is mounted at each SN by 

considering the expected appearance and optimal location to observe the MO.  

Database is distributed at each SN by considering the view of camera and application 

prospect. At each SN, related silhouettes with their octets, angles, sizes and surety levels 

are stored in the form of table. Our simulations criteria considers four angles i.e. front, 

back, left and right with four sizes and manages this situation in NS2 with four bits.  

In order to start operation of CRAM, a MO is generated by NS2 code and entered into the 

ROI. The route of MO, which affects surety level of the target, is varied. Once MO 

reaches the sensing range of a node, the node generates packet that includes octet, angle, 

size, and surety level. If the resultant surety level is less than threshold surety level, the 

packet generated by the node is passed to the next optimal node.  Camera at the next hop 

node is activated when object enters in its range, such that a redundant image/information 

is prevented.  

Simulations are carried out in NS2 in order to evaluate the performance of CRAM. NS2 

validates performance of CRAM by representing confidence (surety) of MO 

identification as a function of number of cameras, database size and distribution, MO 

trajectory, stored perspectives and network depth. In case of reappearance of the MO, it 

offers the learned reflexive response based on the priming memory to validate the claims. 

It has been further observed that Surety of a MO is affected by changing the values of 

given parameters.  

Moreover, for the quantitative validation of proposed architecture, we use the concept of 

arithmetic progression and analyze the proposed model in terms of time expenditure. Our 

analytical model supports our proposed architecture.    

1.6. Thesis Outline 

This research thesis presents a brief effort on context addition in wireless sensor networks 

with a learned reflex action based cut-through processing paradigm to enhance the overall 

performance of wireless sensor networks. This thesis comprises of 7 chapters. Each of the 

chapters is outlined as under:  
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Chapter 1:  Introduction proceeds by presenting the broader view of this research work, 

followed by a brief literature review, problem statement, proposed model, research 

methodology and thesis outlines.   

Chapter 2: Wireless Visual Sensor Networks provides a contemporary research based 

brief analysis of WSNs and VSNs and their strong interconnection. The novel 

applications are discussed and current challenges have been highlighted therein.   

Chapter 3: Human Memory Structure and Reflex Actions develops the required 

understanding of human memory hierarchy in general and of priming memory in 

particular. It further discusses human reflex actions to establish conceptual relationship 

between priming memory and conditioned reflex actions. 

Chapter 4: Context Awareness and Autonomicity presents a thorough review of context 

aware systems and their building blocks along with autonomic behavior. It figures-out the 

limitations of CASs and invokes for the need of context addition. It further emphasizes 

on embedding reflex action behavior in CASs for exponential performance enhancement.  

 Chapter 5: Proposed Architecture briefly highlights the proposed model through its 

conceptual model and tenon-mortise layered hierarchy. It further demonstrates the 

physical test-bed of the proposed architecture and its detailed implementations. 

Chapter 6: Evaluations and Analysis provides the validations of the proposed model 

through simulation based results and the simple mathematics based analysis.   

Chapter 7: Results and Future Work presents the results derived through this research 

work and its possible future dimensions.        
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CHAPTER 2 

 

Wireless Visual Sensor Networks 

 

2. Overview 

This chapter presents the first part of literature review. It is comprised of a brief analysis 

of the wireless sensor and visual sensor networks. The first part of this bipartite chapter 

deals with the wireless sensor networks in general, their cost and energy reduction 

approaches and the tendency of adaptation. The same part further discusses the general 

operational architecture of wireless sensor networks, some of their applications and 

limitations that must be taken into account during their design processes. The second part 

consists of a detailed analysis of visual sensor networks that provides the base line of this 

research works.   

2.1. Wireless Sensor Networks 

The synergized conjuncture of information and communication technologies, multifold 

express emergence of internet and their coupling with advanced engineering concepts, 

especially micro-electro-mechanics (MEMs) with digital electronics, has provided the 

pavement for a new generation of miniaturized sensing devices possessing the capability 

to achieve the high level of accurate temporal and spatial resolution. These small sized 

sensor nodes are low power consuming, cost effective and operationally multifunctional 

that offer a uniform intercommunication at short distances. Each of the sensor nodes is 

equipped with data acquisition through sensing, processing of data and communication 

capabilities. The unified deployment of these nodes with collaborative operational 

approach synthesizes the realization of Wireless Sensor Networks (WSNs). This efficient 

node deployment is budding WSNs with twofold promising outcomes. On the one hand, 

it is offering a surfeit number of WSNs growing applications such as environment and 

habitat monitoring, climate sensing and weather forecasting, physical security and 

national border monitoring, inventory management and industrial automation, traffic 
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surveillance and air traffic control management, monitoring of building structures, work 

places and smart cities, video surveillance and smart homes. Whereas, on the other hand, 

it has emerged with exceptional  mechanisms for efficient routing, energy efficiency, 

time and processing sensitivity, node clustering approaches and sensor reliability. The 

convergence of this twofold advance of WSNs leverages the idea of solid effectiveness of 

their omnipresence in human atmosphere.        

The multidimensional effectiveness of WSNs is based on the ability to deploy a large 

number of miniaturized devices possessing the capabilities of sensing, computing and 

communication cycle in its totality along with the ability to assemble and configure 

themselves. Though, the capabilities of a single tiny device are minimal, their 

exploitation in very large numbers to form a web offers a new plethora of technological 

possibilities. It is of the fundamental importance that apiece node design offers a set of 

primitives that are essential to synthesize the interconnected web that will emerge as they 

are deployed, with a strict compliance of size, cost and power consumption requirements. 

2.1.1. WSNs and Cost Effectiveness 

Contemporary wireless networks provide an operational working based on a number of 

inter-integrated elements such as sensing, computation, energy storage and consumption 

and transmission. The user devices and their corresponding applications designed to 

communicate through these networks are expensive and depend on their pre-deployed 

widespread infrastructure. Contrary to this, WSNs are comprised of the miniaturized low-

cost nodes with all-in-one embedded mechanism and are designed for a broad range of 

applications with no pre-deployment dependency that results in an ultimate reduction of 

cost. From another perspective, monitoring of remote environment is a key and widely 

used WSNs application such as leakage monitoring in a chemical plant. A large and 

required number of sensor nodes can be placed at optimal places of the chemical plant 

that will automatically shape up into an interconnected sensor network. The nodes of this 

network will report for any leakage on immediate basis. In contrast to the traditional 

systems, that require the hundreds/thousands meters of wire (depending upon the plant 
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size), with protective means and installations, this network of sensor nodes bears-out to 

be much deployment and operational cost effective [9].  

2.1.2. WSNs and Energy Consumption 

The most crucial resource constraint in WSNs environment is the energy consumption. 

Through the elementary concepts of digital electronic it is quite intuitive that a size 

reduction results into a corresponding energy decline. A good number of sensors 

embedded in modern day devices including pagers, mobile phones and tablets use a 

classified communication hardware to optimize their energy consumption [10]. These 

communication systems are equipped with application specific integrated circuits 

(ASICs) to make the necessary related protocol implementations at very low energy costs 

even depending upon the high power infrastructure. It is very difficult to develop a 

protocol and corresponding ASIC for so wide ranging applications. WSNs, for being 

flexible and universal, possess a strong character to meet this limitation. The WSNs, in 

general, offer an application specific protocol suite that reduces the energy consumption 

in its target application [9]. There exist a number of extensive and focused research 

efforts in contemporary research to develop algorithms for distributed signal processing 

[11,12], data aggregation [13] and ad-hoc routing [14,15,16] with underlying WSNs 

context.  

2.1.3. WSNs and Adaptation 

WSNs possess a key feature of dynamic adaptation against the changing environments. 

The adaptation based mechanism can also respond the topological changes and make the 

network to shift between different operational modes. For instance, the monitoring 

system deployed for the leakage checking in a chemical plant can be tailored-to and 

configured for the monitoring and tracking of poisonous gas leakage. This system can 

further be modified to guide employees for the safe pathway in case of emergency. The 

adaptation in WSNs can further be explored by taking into account the fact that in most 

of the WSNs the nodes are not made to directly communicate with the nearby high power 

base station of control tower. Each sensor acts as a part of the infrastructure in its 



15 
 

 
 

individual capacity in peer to peer environment. The mesh (full/partial) based 

interconnection between this large number of peers shuttles the data between so many 

peers with multi-hop approach. In case of a node failure or the replacement of a node 

with a newer one, the mesh like structure dynamically adapts the new peer or supports the 

embedded node respectively. This demonstrates the WSNs adaptation in case of node 

failure and addition of new nodes in the structure that enables them to be an ideal 

deployment choice for large geographical area. 

2.1.4. WSN Architecture and Working 

All the contemporary WSNs follow the sensing, processing and communication cycle. 

Sensing is performed through sensors that may be different or same kinds of nodes to 

make a network work efficiently. All these nodes are capable of transmitting their sensed 

or gathered information to a base station. This base station has capability to process and 

record the gathered information in a system where it can be used for further processing 

like sending the gathered data to a cloud or assessing this information using any handheld 

device. Additionally in this model sensor nodes can be clustered in a way that overall 

network traffic on base station can be regulated. This approach may affect in enhancing 

the flow of traffic at base station and also make sensor nodes power efficient. In Fig. 2.1 

below a simplified model has been shown.  

Environmental monitoring or remote sensing has emerged as potential working area of 

WSNs. WSNs include parameters based sensing, aggregation of acquired data, 

transmission of acquired data to the next peer or sink, and consequent or subsequent 

actuation if required. So in general it can be assumed that WSNs follow a coupled 

operations mechanism of sensor nodes and base station (sink). 

Sensor nodes commonly consist of specific sensing unit, processing unit, communication 

module and power unit (battery). These sensors sense/measure the predefined parameters 

on their deployed environment. Fig. 2.2 depicts the architecture of a sensor node, which 

shows the necessary units involved to carry out its requisite operations. 
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Fig. 2.1. A Simple Sensor Network Architecture 

 

 

Fig. 2.2. Sensor Node Architecture 

Sensing unit is the important unit as this unit senses and records the observations from 

the surroundings. In this unit there are some sensors those depend on the nature of 

application. Moreover this sensing unit works in coordination with processing unit as it 

passes all the sensed information to processing unit. Processing unit performs various 

tasks like analog to digital conversion, conversion of the gathered information into a 
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format that can be passed to communication unit. This processing unit performs all the 

tasks through an energy support of power unit. Here nature of communication can be 

different with respect to usage of sensor. But in general the communication unit sends 

that gathered information to its peer node or base station for further use.  

The workings of wireless sensors are very impressive as it depends on the nature of 

application and type of sensors deployed for any application. Now a days, wireless sensor 

nodes are available in various types according to their targeted applications with 

miniaturized size and an effective area of coverage. In recent past, these nodes were size 

and effective range of coverage (very low restricted to few feet only) constrained. There 

have been considerable advancements in that domain and wireless sensor nodes are 

available in market according to the nature of application. Even, there are the nodes that 

can be used for multiple applications. For instance, Wasp-mote are the sophisticated kind 

of sensors available in the market that can cover various applications from gas sensing to 

agriculture domain, moreover, these kinds of sensors also provide video streaming [17]. 

These sensors have been designed in such a way that each of them consists of a mother 

board on which various sensor boards can be inserted according to required operations of 

their applications. A little effort is required to program these sensors according to their 

applied environment. Mica family is also the famous sensor family. These kinds of 

sensors are very flexible in their usability as they contain tiny OS which helps in fine-

tuned deployment along with state-of-art of GUI and data back facilities.  

2.1.5. WSNs Applications 

There have been numerous applications of WSNs in every domain. Some of them with 

their sub-domains have been listed below: 

Battlefield applications 

 Remote Monitoring of hostiles 

 Remote Monitoring of allied forces 

 Battlefield observation 

 Battlefield assessment and damage prediction 
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 Detection of nature of attack in battlefield 

Environmental Monitoring applications 

 Forecast Detection 

 Disaster detection and Management 

 Fire detection and prediction in Forests 

 Smart Agriculture Systems 

 Smart Work-places 

Health applications 

 Smart Hospitals 

 Remote Monitoring of Doctors and Patients 

 Patient Tracking and Health state monitoring 

 Elderly assistance 

 Smart Old Homes 

 Smart Day Care Centers 

Smart Home applications 

 Home Automation System 

 Smart Homes 

 Automated recording of meter readings 

Commercial and Networked applications 

 Inventory control 

 Remote vehicle tracking and detection systems 

 Traffic Engineering Systems 

 Network Surveillance of Traffic 

Concise summation of all these applications provides a converging evidence of their 

explicit Omni-presence in human atmosphere. 
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2.1.6. WSNs Challenges and Limitations 

WSNs have now become quite ubiquitous and are being explored with corresponding 

intensity. Due to their wide range of applications, there exist a number of limitations that 

include [18]:  

a) Node size  

b) Node costs 

c) Hardware limitations including functional capabilities 

d) Power factors 

e) Environmental factors 

f) Transmission channel factors 

g) Topology management complexity and node distribution 

a) Hardware Limitations and Node Size  

The miniaturization of the sensor nodes is one of the prime features of modern day 

WSNs. A sensor node is required to have a size of 1 x 1 x 1cm to 1x 5x 2cm [18]. 

Minimum node size is a mandatory requirement of WSNs being comprised of a very 

large number of them. Generally, a sensor node consists of four main and compulsory 

constituents and same number of optional ones. The main elements include: a) sensing 

unit is further comprised of the basic sensors and analog to digital convertor, b) 

processing unit performs all the relevant processing and is augmented by the storage unit, 

c) transceiver unit transmits and receives the data and connects the sensor node with the 

network, d) power unit is the basic energy source of the node and may comprised of the 

solar cells or batteries. The optional parts may include a control actuator, a power 

generator, a location finder or any other application specific component. The Packaging 

of sensor node, conversion of sensed analog signal to corresponding digital ones and their 

injection to processing unit along with the required adaptation of sensor nodes give rise to 

a number of challenges that require R & D efforts to be resolved. 
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b) Node Cost 

By definition, the WSNs are the deployments of large number of sensor nodes (may be 

thousands), so the cost of each individual node has a dominant effect on the overall set 

up. It is, therefore, needed that the cost of a sensor node must be kept as minimum as 

possible. A general market trend is to maintain this cost at a level of less than a US dollar.  

c) Power Consumption 

The longevity of a WSN is dependant of the node life time that is further dependant on 

the corresponding battery sources. The battery sources have limited power options and 

replenishments are nearly impossible especially in far-off remote areas. On the other 

hand, the power has to be allocated to three main components including sensing, 

processing and communications. So, there exists a very strong need that the power aware 

algorithms and protocols must be designed to optimize the efficiency of these 

components with reduced power consumption.       

d) Environment Factors 

Sensor nodes are mainly deployed in remote areas with scattered geographic locations 

where diverse climatic conditions (harsh, hostile weather) have severe effects on node's 

physical structure and operational performance. The sensor nodes, correspondingly, are 

designed so that they could offer a maximum resilience against these factors.  

e) Transmission Channel Factors 

WSNs generally operate in band-width constraint multi-hop wireless communication 

mediums operating with radio, infra red, micro and optical ranges. The sensor nodes 

support a blend of technologies including IEEE 802.11(a, b), IEEE 802.15.4/IEEE 802.16 

and/or for international use, single-channel RF transceiver operating at 916 MHz [19, 20] 

etc. A world wide availability of these channels is required for the operational support to 

these networks. 
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f) Topology Management Complexity And Node Distribution 

In WSNs a large number of nodes are deployed in bounded sensor field (sometimes 

hundreds in a square feet). They require special techniques to be managed in the 

circumstances where the node density may be as high as 27 sensor nodes/ m3 [20]. 

Further to this, topological changes are expected at any post deployment time that may 

include: malfunctioning of nodes, changes in sensor node position, dropouts, or 

brownouts, power availability, reach-ability impairments, jamming and so on. There 

exists a strong possibility of node failure or unavailability for power constrains or 

physical damages. The topology and node distribution requires such management so that 

these changes should not affect overall network performance.  

Besides all above, one of the core challenges in WSNs is that these are asymmetric: the 

network comprises of too many sources (sensor nodes) and possibly one recipient (sink 

working as a single central unit in typical WSN deployments) giving rise to the problem 

of intra-network management of information flow. On the other hand, the matter of fact is 

that all the information obtained and transmitted by all sensors is not required by the final 

user. Simultaneously, in order to ensure the fault tolerance and higher level of robustness, 

a range of correlations are defined across the network with some redundancy in sensor 

placement. A possible optimal way to manage this bulk information produced by sensors 

is the best use of local computation power or onboard processing power of the sensors. 

Local processing power enables the node with self control over cross sensor correlations 

and data acquisition processes in such a way that only the required data items are routed. 

One of the best examples of the WSNs with local processing power is the visual sensor 

networks. 

2.2. Visual Sensor Networks 

Visual Sensor Networks (VSNs) are the networks of camera nodes with enough onboard 

processing power to support the local image analysis. In general VSNs differ from 

traditional sensor networks due to their extra features and technical requirements. In 

traditional WSNs the scalar data such as temperature, air pressure, humidity, etc., is 
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acquired through the physical sensors. But in sensitive surveillance applications where 

the panoramic context of the SNs is also necessitated, this scalar information is not 

enough to realize the automation mechanisms. So, the SNs with camera can be an ideal 

solution for these types of the applications. Based on this inclusion of panoramic 

information in VSNs, there exists the corresponding requirement of image transfer from 

one remote location to the other that requires high bandwidth and subsequent energy 

consumption.  

The challenges in the effective realization of VSNs is a contemporary research problem. 

Research is being carried out in diverse directions of VSNs that includes camera 

calibration, image processing algorithms, hardware architecture, communication 

protocols and applications. In this research work we have explored multiple domains of 

VSNs. The objective of this work is to realize energy efficient solution for VSNs in 

terms of computation and communication recovering the shortcomings of previous 

efforts in this direction. This section of our reviewed work is based on three sub-sections 

that are mentioned below 

1) Image Segmentation and Compression in VSNs   

2) Camera Scheduling and Energy Consumption for Object Recognition 

3) VSN’s Characteristics; Hardware and Software 

2.2.1. Image Segmentation and Compression in VSNs  

Min Chen et al. in [21] focus on capturing images from SNs and reducing these images to 

Object of Interest (OOI) through mobile agents in VSNs. In this way volume of image 

data at each SN in target region is reduced. Though a degree of compression is achieved 

through segmentation, and transmission of OOI only, whole process remains an image 

processing and transmission scheme. Compression simply reduces image size to be 

transmitted. However, image transmission is impractical for long-lived VSNs because 

VSNs once deployed, are sporadically used over very long times. 
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2.2.2. Camera Scheduling and Energy Consumption for Object Recognition 

Camera and MO Resolution    

Nelson and Khosla in [22] describe a number of criteria that assist in improving visual 

resolution of a MO. These criteria are used to control the focus and motion of single or 

multiple cameras. They address camera resolution by suggesting that cameras can 

actually be moved. Since in WSNs, energy per SN is very limited therefore this idea is 

impractical for VSNs. 

Scheduling Cameras and Recognition of MO 

Luis et al. [23] present their work that is related to the inspection of moving targets in 

ROI by activating multiple cameras which distributes the collective task of identification 

and prevent energy consumption on a single robot. They address the problem of 

scheduling and maneuvering cameras to observe targets based on their present positions. 

Likewise Mahesh et al. in [24] develop Cyber Scout; an autonomous surveillance and 

investigation system to detect and track OOI. They use a network of all-terrain vehicles 

and focus on vision for inspection, autonomous navigation and dynamic path planning. In 

[25] a motion segmentation algorithm is proposed for extracting foreground objects with 

a PTZ camera. Image mosaicing technique is used to build a planar background. The 

object is detected by comparing current camera image with the corresponding 

background indexed from the mosaic. In [26] a novel method is proposed by Khosla for 

temporally and spatially moving objects by automatically learning the relevance of the 

object’s appearance features to the task of discrimination. This method is proposed for 

distributed surveillance systems. Norimichi et al. in [27] perform multi target tracking by 

Active Vision Agents (AVAs) that is a network-connected computer with an active 

Fixed-View Pan-Tilt-Zoom (FV-PTZ) camera. Multiple FV-PTZ active cameras are 

required for detailed measurements of 3D objects. However, their idea for surveillance 

and tracking is not implementable in VSNs due to maneuvering cameras. Similarly in 

[28] Matsuyama gives the overview of Cooperative Distributed Vision (CDV). The goal 

of CDV is to embed network connected mobile robots with active cameras in a real world 

and realize wide area dynamic scene understanding and visualization. However, all of the 
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above ideas for surveillance and tracking are not implementable in VSNs due to 

maneuvering cameras and significant power consumption of devices. 

Image Recognition through NURBS 

For image recognition, Tien et al. in [29] propose a novel method based on non uniform 

rational B-splines (NURBS) and cross-ratios. They propose a method that utilizes both 

memory and computation time but the resources required are less as compared to curve 

matching method. They use small database to save memory. But matching by using the 

NURBS curves first and then applying cross ratios is still expensive in terms of time and 

computation for a VSN system. In CRAM, a rich database is proposed i.e. more aspects 

of an object are deployed in the nodes but it avoids computationally expensive algorithm 

for matching. 

2.2.3. VSN’s Characteristics, Hardware and Software’s  

In [30] Soro and Heinzelman take into account the unique characteristics and constraints 

of VSNs that differentiate VSNs from other multimedia networks as well as traditional 

WSNs. They outline all areas of VSNs such as applications, signal processing algorithms, 

communication protocols, sensor management, hardware architectures, middleware 

supports and open research problems in VSNs by exploring several relevant research 

directions. They argue that traditional WSN protocols do not provide sufficient support in 

VSNs. Hence there is a need to propose new communication protocols and vision 

algorithms suitable for resource limited VSN systems.  

M. Kumar in [31] demonstrates the importance of various features in image matching. A 

framework is proposed consisting of hardware cameras and accompanying software. The 

software manages processing of image and satisfies queries from other cameras over the 

network or by the camera itself. The software logic is implemented over the publisher-

subscriber model. To satisfy queries, different handlers are registered to publisher-

subscriber block. It is asserted that Scale Invariant Feature Transform (SIFT) features do 

not work well when there is large orientation change and low resolution. It is also shown 

that SIFT features do not work efficiently across cameras that are far in terms of time or 
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location. Therefore, it is always efficient to use more than one identification feature in 

different scenarios. In [32] Margi et al. study Meerkats project and observe the trade-off 

between power efficiency and performance and realize verifications through a test-bed 

based on the Crossbow Stargate platform. They observe energy consumption of activities 

such as processing, image acquisition, flash memory access and communication over the 

network. They also report steady-state and transient energy consumption behavior. They 

prove that transients are not at all negligible, neither in terms of power nor in terms of 

delay incurred. They conclude that delay and energy measurements are very important 

for performance and transients play a significant role in terms of delay and energy. In 

[33] Cintia B. Margi et al. present power consumption analysis and execution time for the 

elementary tasks such as sensing, processing and communication. These tasks compose 

duty cycle of a VSN node based on Crossbow Stargate board. They also predict the life 

time of a VSN system by considering energy consumption characterization and draw 

attention to the fact that activation/deactivation of the hardware and transition between 

different states of a SN requires non negligible amount of time and energy. They 

illustrate that SN performs the same functionality but with different energy requirements 

depending upon the SN’s current state. They also prove that on-board detection always 

plays a significant role in energy saving even if the rate of event detection is high. To 

determine event detection, SN requires blob detector which further decides whether 

image should be transmitted or not. However, blob detection is power consuming process 

that must be run in either case. Even in the case of event detection, image is compressed 

by the node and sent to sink or any other node. Image compression saves energy but 

when blob detector detects larger blobs in acquiring image, it takes sufficient amount of 

energy to send that image. Image compression only reduces the size of the image, and 

small blobs require high energy and long time for transfer. In order to overcome above 

mentioned problems, we introduce a novel idea in this research work where MO is 

identified on a node and information about MO is sent without sending image data.  

Faisal and Demetri in [34-37] present work related to smart camera networks which 

consists of static and active cameras that provide coverage of environment with minimal 

reliance on human operator. They propose a distributed strategy in which nodes are 
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capable of local decision-making and inter node communication. Each camera node has 

an autonomous agent to communicate with nearby nodes. When the node is in idle state, 

camera does not perform any task. Upon receiving message, node calculates its relevance 

to the task by employing Low-level Visual Routines (LVR). Supervisor node decides 

whether or not to include node in the group by observing its relevance value. A visual 

routine occurs every time when a node receives the message. This means that every time, 

the node bears the burden of running LVR and calculates its relevance to the task. 

Contrary to this, in our approach, we invoke only that node which can participate 

efficiently in identifying MO. Overview of VSNs along with research challenges in this 

area is given in [26]. The need for tight coupling between communication protocols and 

vision techniques for effective object monitoring and tracking is also highlighted. 

To overcome above mentioned energy consumption and architectural problems, a novel 

architecture “CRAM” is proposed in this research work through which SNs energy can 

be saved by pre-planned database and cameras scheduling. 

2.3. Contributions 

The authors contributions are as follow:   

1) A detailed analysis of WSNs has been presented by pinpointing the major 

research challenges to be addressed. 

2) Different aspects of VSNs have been explored with a key rationale to make the 

image acquisition and processing as energy efficient as possible. This objective 

can be achieved through pre-planned database and cameras scheduling as 

suggested in our proposed model.  
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CHAPTER 3 

 

Human Memory and Reflex Actions 

 

3. Overview 

This chapter presents the subsequent portion of the literature review. It is bipartite as we 

provide a comprehensive study of human memory structure with brief details in the first 

part of the chapter and analysis of the human reflex actions in the second part. Human 

have a complex trio-staged hierarchal memory system. The first layer of this system 

equips the brain with the capability of information acquisition, processing and storage for 

corresponding part of the time (sensory, short term and long term memories). Second tier 

of this hierarchy deals with the nature of the acquired information in terms of explicit 

(declarative) or implicit (non-declarative) by distinguishing whether the acquired pieces 

of information are discrete or not. The third layer entertains the information of entities on 

the basis of their alleged contexts and recurrence experience to manage the response 

(human actions) accordingly (section 3.1 and 3.1.1 ). The second part of the chapter 

provides brief details of human reflex action, its structural formation in terms of neurons 

and operational function as single process (section 3.2 and 3.2.1). The succeeding sub 

section (3.2.2) of this part displays multifold classification of reflex actions. The chapter 

concludes with contributions remarks by authors. 

3.1. Human Memory 

The human brain has the ability to store the acquired information from environment and 

recall that one later-on for any further use. From a Psychological perspective, in higher 

animals, the process of encoding, storing and retaining and retrieving stored information 

is termed as memory. Where encoding or registration refers to the process of receiving 

the information, processing and amalgamation of received information through 
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predefined natural policies. Storage entertains the course-of-actions to create temporary 

or permanent records of the received information and Retrieval is the procedure of calling 

back the stored information in response to a cue for use it in a process or activity. 

3.1.1. Types of Human Memory 

There are many studies that exist for the classification of human memory but one of the 

precise and most acceptable categorization has been presented by Atkinson et al. [38]. It 

classifies the human memory into three major classes: a) sensory memory, b) short term 

memory and c) long term memory. 

Sensory Memory (SM) 

The type of memory that deals with the event for a minute part of a second and settles-on 

to whether there is something relevant to be committed as the memory (store) item. The 

key task of this modality specific memory is the comprehensive representation of entire 

sensory experience from which the relevant information can be extracted for Short Term 

Memory. It further lets the entities to retain the impressions of sensory information even 

when the original stimulus has ceased [39,40]. The sensory receptors (sight, hear, touch, 

smell, taste) are the sole source of these memory items. Some of the key features of the 

this memory include: a) the sensor memory trace formation is independent of focus of 

attention to the stimulus, b) the information stored in the SM is modality specific. e.g. the 

haptic memory is exclusively dedicated for tactile information(touch) and the echoic 

memory is classified to store the auditory information exclusively, c) each SM store is 

much brief and lasts for a very short period of time usually in mille seconds. Iconic 

memory store, for example, lasts averagely for 500 ms which begins to decline with 

growing age [41]. The types of SM are:  

a) Iconic memory offers the storage pertaining to the mental representation of visual 

stimuli (icon),  

b) Echoic memory refers to storage of information related to the auditory sense of 

hearing, 

c) Haptic memory presents the store of tactile sense of touch information. 
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In case of relevant stimulus focus of attention , the SM traces are taken under the charge 

by next human memory stairway named as short term memory. 

Short Term Memory (STM) 

It is the second step of this memory hierarchy which is comprised-off the items truncated 

from SM. As assumed by Atkinson et al. [38] that all collected information passes from a 

short-term to long-term store after small periods of time (more often through repetition 

process). So the information from SM moves to STM which is naturally more time-

provisioned than SM (averagely 10sec to 1min) [42]. STM refers to the store in human 

mind in which a small amount of information can be maintained in active and readily 

available form for a short period of time. STM, at the one end, receives, stores, processes 

and passes the extracts of SM to the long term memory for storage, whereas, on the other 

hand, it retrieves the stored information from the permanent memory as per the demands 

of prevailing circumstances for intended human operations. This operational co-existence 

of STM is named as working memory.  

Long Term Memory (LTM)  

Human brain uses LTM for the permanent storage of memory items so correspondingly it 

is named as permanent memory. Generally SM and STM have relatively strict capacity 

and duration constraints depicting that the information cannot be retained indefinitely and 

permanently, but in contrast, an immensely large amount of information can be stored in 

long-term-memory for potentially limitless duration(sometimes for lifetime span ). LTM 

is further classified into following two main classes:  

a) Declarative memory, 

b) Non-Declarative memory.  

Declarative Memory  

In contemporary research literature, Declarative Memory, also termed as explicit 

memory, refers to those stored memory items that can be consciously recalled with 

declarable content such as facts and knowledge [43]. As it is comprised of the memory 
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items which are explicitly stored (discrete events) and retrieved such as dates, words, 

faces, names, capital of UK, and what happened in world cup football final in 2014 etc, 

So correspondingly, named as explicit memory in general. Declarative memory offers a 

flexible and fast accessibility behavior as it presents its availability to a number of 

response systems for conscious recollection [44].  

It further comprises of semantic and episodic memories [45]. Semantic memory underlies 

with the conscious recollection of factual information and general knowledge of the 

world [46]. It is a reference sort of memory independent of the spatial or temporal context 

in which it was acquired. For instance, it keeps track of the information that what the cat 

is but does never deal with the information of petting a specific cat. Episodic memory is 

the collection of previously experienced events with their incidence at particular place, 

time, coupled emotions and additional contextual information (what, who, where, when 

and why) which allows the human to figuratively travel back in time to remember the 

event that took place at picky time and place [47].  

Non-Declarative Memory  

Implicit memory symbolizes a kind of memory in which previous experiences aid the 

performance of a task without conscious awareness of these previous experiences. The 

information items which are not supposedly tried to be remembered are stored in implicit 

memory. It represents both the unconscious and unintentional kinds of memories. the 

implicit memory can help to recognize even when the explicit memory is physically 

ceased [48]. It is further subdivided in two parts-of-the-pack. 

The facet of the implicit memory which is not consciously recalled but it still has a 

dominant influence on one's behavior and knowledge of different tasks is referred to as 

Procedural Memory. It enables human to perform commonly learned tasks without 

consciously thinking about them. For instance tying shoes and riding a bike etc, including 

some natural tasks as walking for which it is often hard to even verbalize that how one 

did it. The consequent effect of Implicit memory is priming memory in which the store is 

"primed" through repetition of experiences or on the basis of recent most experience. It 
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responds very promptly. We present all the discussed details of human memory hierarchy 

in Fig. 3.1. 

 

 

 

 

 

 

 

 

 

 

Fig. 3.1. Human memory structure 

3.2. Reflex Action  

The human body is comprised of the condition dependent multiple systems (respiration, 

circulatory, digestion) and it requires an undeviating need to preserve these conditions as 

a little variation in these requisites inside the body may lead to a serious or irreparable 

damage. The process of maintaining these indispensible rudiments is known as 

homeostasis. Yet there are plenty of changes going-on outside the body. the body 

instinctively possesses a propensity to detect a change in its environment (stimulus) and 

react accordingly to that change (response). This involuntary reaction of the human body 

without involving (mostly) thinking process is referred to as reflex action [49]. It can 

easily be made intuitive by observing the fact that when it is cold outside (stimulus), the 

body shivers (response) and restricts the inside temperature from dropping. Similarly 

when it is hot outside, the body perspires to keep the temperature inside the body from 

rising.  
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Some of the famous reflexes have been tabulated in terms of stimulus and their responses 

in table 3.1.    

Table 3.1. Reflexes and their responses 

Stimulus Response 

A bright light shining in eyes  The pupils get contracted  

The aroma of the favorite food  Salivation  

A nasty odor  Nausea  

An insect flying toward the eyes  Blinking  

 

3.2.1. Reflex Arc 

The whole process of reflex action is carried out by a simple combination of receptors, 

sensory neurons, association neurons (integration centre), motor neurons and effectors 

known as reflex arc as given in the Fig. 3.2. It reflects a neural pathway to natural 

execution of a reflex action.  

 

Fig. 3.2. Reflex Arc 

A Receptor is a constituent of a cell that comprises of a protein molecule usually situated 

inside or on the surface of the cell. It receives the chemical signals from outside the cell 

and produces a form of tissue/cellular response. Table 3.2 presents some eminent  

receptors, their resident area and sensing functions. 
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Table 3.2. Receptors , their resident area and function 

Receptor Situating Area Sensing Function 

Chemo-receptor Brain Chemical traces sensing  

Mechano-receptor  Brain Pressure, distortion and touch sensing  

Photo-receptor  Eye Retina Light sensing  

Thermo-receptor   Free nerve endings  Temperature sensing  

Auditory-receptor  Ear Vibrations caused by sound in ear 

Nociceptor  Brain Pain detection and tissue damage 

 

Neuron or nerve cell is an electrically excitable structural, functional or biological unit 

which processes and transmits information through electrical or chemical signals [50]. 

These are regarded as the core constituents of the central nervous system. The foremost 

types of neurons include sensory neurons, inter-neurons and motor neurons [51]. The 

Sensory neurons or sensory nerve cells transmit the sensory information through 

synapses/motor neurons to the ultimate destinations of brain or spinal cord. these are 

ignited by the sensory input offered by sensory receptors. These neurons generally 

inhabit near the body surface/skin. Associated neurons (inter neurons, relay neurons, 

connector neurons or local circuit neurons) located at integrating portion of spinal cord 

and are generally responsible to relay the signals between sensory neurons and motor 

neurons. Motor neurons are situated in central nervous system and directly or indirectly 

control the muscles. On target basis these have three subtypes in which somatic motor 

neurons innervate the skeletal muscles, general visceral motor neurons control the 

cardiac and muscles of arteries and special visceral motor neurons innervate the 

bronchial muscles. At the end the effectors are nerves, muscles, glands or organs which 

respond to the stimulus on the basis of the commands passed through the motor neurons 

by central nerves system(CNS). As a summary of above discussion it becomes intuitively 
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conclusive that any stimulus is sensed by receptor and its information is passed to the 

sensory neurons. sensory neurons pass this information to CNS through: a circuit which 

permits the neurons to pass electrical or chemical signals. The association neurons 

connect this information along with response command by spinal cord or brain with 

motor neurons which finally executes the response through the required muscle or gland 

etc.  

3.2.2. Types of Reflexes  

Multiple studies on human and animals provide converging evidence for the existence of 

two foremost genus's of reflexes on the basis of neuron combination: Monosynaptic 

reflex actions are comprised of the one sensory neuron and one motor neuron while the 

inter-connection of one or multiple sensory neurons with corresponding number of motor 

neurons through inter neurons is termed as poly synaptic [52]. The synapse refers to a 

formation of neurons in which a neuron can transmit the signal (electrical, chemical) to 

other one [53]. From the operational perspective they can be classified as:  

a) Autonomic  Reflex Actions are also referred to as visceral reflexes in research literature. 

These reflexes deal with the automatic spontaneous response of the smooth body muscles 

(inner organs) as of lungs, urinary system and blood vessels (cardiac system) etc, along 

with the secretions of different glands. The key charge of the autonomic reflexes is to 

make-sure that the involuntary impulsive response system is in fully operative mode to be 

adapted for reaction against the pertinent situation. The food digestion and heart rate can 

be the good examples of autonomic reflexes as they require a nonstop and uninterrupted 

observance of human interior body systems. These reflexes do not require an explicit 

contribution of skeletal muscles and operate without conscious control.  

b) Somatic Reflex Actions are the impulsive human body responses that involve the spinal 

cord in their operational execution, so, correspondingly named as spinal cord reflexes 

[54]. The somatic system of reflexes deals with the external body reflexes in coordination 

with the central nervous system to make the human capable for its interactions with 

external world. These require an essential participations of skeletal muscles. Their well 
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known examples include stretch reflex, flexor or withdrawal reflex, tendon reflexes and 

crossed extensor reflex.  

From a learning aptitude perspective the reflex actions can be categorized into intrinsic 

reflexes and learned or conditioned reflex actions [55]. Intrinsic or un learned reflexes 

execute their required functions without any underlying foundations of brain (memory) or 

prior experience [56]. They can further be divided into two categories: a) those which 

operate with only sensory and motor neurons of spinal nerve. i.e. they are mono synaptic 

and operate without involvement of spinal cord, b) the ones that contain a structure of 

sensory, inter and motor neurons which depicts a proper involvement of spinal cord. It is, 

from the above discussion, quite obvious that most of reflex actions functionally work  

without an effective use of memory and hence Brain.    

Ivan Pavlov et al. [57-60], through a series of experiment based studies, outline the fact 

that reflex actions can be provoked in higher animals through the repetition of prior 

experiences. They, by using the concept of classical conditioning, present that an innate 

response is probable to be elicited from a potent stimulus by priming its experience. In 

their experiment, a dog was used to provide the food just after ringing a bell every time. 

It was observed that after some repetitions of the event of giving food after ringing bell 

sound, the dog got salivated on the sound of bell ring even when the food was not offered 

to it. The ringing of the bell is the conditioned stimulus and the corresponding salivation 

without having a food is known to as conditioned reflex action that has been invoked by 

dog's central nervous system based on a store in its brain that is primed through the 

repetition of events (ringing bell and giving food). Further studies [61-65] establish the 

key effectiveness of associative learning based conditioned reflex actions for human 

brain and corresponding behavioral adaptations. 

 3.3. Contributions 

The authors have offered some key contributions in this chapter that are as follows: 

1. We have presented human memory structure with a different layered perspective 

that seems a little more convenient to built the basic conception of human 

memory hierarchy.  
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2. We have offered the classification of reflexes through different possible aspects 

with key objective that the reflex actions are carry-out independent of brain and 

memory. finally, after establishing the effective existence of conditioned reflex 

action, we have conclusively demonstrated that this learned reflex is based on the 

priming store(procedural memory) situated in the brain. The current research 

literature has rare such interconnections.    
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CHAPTER 4 

 

Context Awareness and Autonomicity 

 

4. Overview 

In this chapter we provide the comprehensive study of context, Context Aware Systems  

and their autonomic behavior. The context, being the main constituent of Context Aware 

Systems, has been explored in details. Since there is not any agreed definition of the 

context, we present its most common and widely accepted definitions along with its 

association with situation and context information. The further proceedings of the chapter 

provide a summary of thorough multidimensional categorization of context on the basis 

of classification schemes such as operational, conceptual and generally accepted, and the 

salient features of the context. This chapter further presents the analysis of Context 

Aware Systems in terms of their main features, essential correlation with adaptation,  

classification as stand alone, centralized and distributed and autonomicity. The different 

models for the development of context aware systems have been precisely described 

along with the main features of self-organizing (autonomous Context Aware Systems). 

The further section describes the two main approaches used to present the hierarchal 

models of these systems and their possible technical interrelationship. Final section of 

this chapter provides our proposed interconnection of Context Aware Systems with bio-

inspired reflex arc. The main classes of human instinctive reflex actions have been 

precisely defined along with a thorough study based explored limitations of context 

aware systems and the need of context additions has been justified. The solution to these 

limitations has been proposed through a cohesion of Context addition and a Priming 

Memory based Conditioned Reflex Action. On the basis of synergized effect of this 

combination, it has been claimed that a) The Context Aware System turns into a context 

added system, b) context addition enhances the overall network performance in terms of 

energy and time expenditures, c) the priming memory inclusion based execution of a 



38 
 

 
 

context added systems results into an impulsive response and enhances the network 

performance exponentially.                       

4.1. Context and Situation 

One of the prime challenges which have been faced by the researchers is to define the 

context and exhibit it as a different expression from situation. Abowd et al. [3], Ryan et 

al. [5], Matthias Baldauf et al. [66], and Cheverst et al. [67] refer to context as user’s 

identity, current location, environment and time illustrating an explicitly non-all-inclusive 

depiction of context. Dey [68] describes the context as the user’s focus of attention, 

emotional state, date and time, location and orientation as well as bits-and-pieces and 

people in user’s vicinity. It opens up a new omni-dimensional nature of context where 

sensing, perception and measurement of sentiments and conjecturing the focus of 

intention are of elementary concern. Brown [69] defines context as the elements located 

in the user’s environment about which the computer has the information. These sorts of 

definitions are often too wide-ranging. Conceivably, the most often used definition has 

been offered by Dey and Abowd [70]. These authors refer to the context as “any 

information that can be used to characterize the situation of entities (i.e., a person, place, 

or object) that are considered relevant to the interaction between a user and an 

application including the user and application themselves”. It is generally agreed that no 

single definition of the context even in the contemporary research has been reached-at. 

Hull et al. [71] attempt to establish relationship between the context and situation as the 

former being the characteristics of the later. 

Since the concept of situation is very closely related to the notion of context, various 

researchers have continued to relate the two. Zimmermann et al. [72]  suggest that it can 

be taken as an instantaneous and structured representation of a part of the context which 

may be directly compared with the snapshot taken by a camera. Loke et al. [73] remark 

that the situation can be viewed as being at a higher level of abstraction than context. 

Nigel et al. [74] describe the situation as “the complete state of universe at an instance of 

time”. On the basis of developed perception, it can be conclusively articulated that the 

situation may contain an unlimited variety of contextual information. Other studies state 
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that sensors can be used to capture the context and construct high level context models of 

part of the real world. These models can further be used to recognize and reason about 

the situation. 

4.2. Context and Context Information  

In research literature context and context information are used interchangeably but there 

exists an obvious difference between these two terms. The context can be deemed as a 

real word phenomenon with single source reflection whereas the context information is 

the representation of constituents of context (context through multiple sources) that can 

be further manipulated and exchanged [75]. The analysis of the definition provided in 

[76] as the set of, possibly interrelated, conditions in which an entity exists, makes this 

intuition more understandable. It clearly portray that the term context is meaningful only 

for a thing that exists where the thing has been referred as entity. This makes the concept 

of context different from the concept of an entity: context is an attribute of an entity or is 

what can be said about an entity existing in certain environment, i.e., context by itself 

does not exist. Furthermore, the possibly interrelated conditions refer to the multiple 

constituents that a context might have. These context conditions reveal the different 

circumstantial aspects of environment in which the entities are existing.    

Since situation is "the complete state of universe at an instance of time" as stated by 

Nigel et al. [74]: the representation of a complete set of constituents of context (complete 

state) of an entity's environment (universe) can be referred as situation while the 

exchangeable form of this situation is context information. 

4.3. Context Types  

Defining the context has ever been a challenging task for the researchers of this area. 

Abowd et al. [77] initiate a primary mechanism for context definition. They define the 

context in two types as primary context and secondary context. The primary context 

contains user identity, location, activity and time, whereas, the secondary context is the 

context that can be retrieved by using the primary context such as the addresses, phone 

numbers, email addresses, birthdays and other personal details.      
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Context is a diverse natured concept that appears in various disciplines including 

philosophy, psychology, linguistics and cognitive sciences [78]. Keeping in view the 

wide range treatment of context there exists a requirement to define classification 

schemes before categorization of context.   

4.3.1. Context Categorization Schemes 

Van Bunningen et al. [79] classified the context categorization schemes in two broader 

types given as below  

 Conceptual Categorization Scheme 

 Operational Categorization Scheme 

Conceptual Categorization Scheme: This scheme classifies the contexts on the basis of 

the parameters: a) how the contexts were acquired, b) The way through which the 

acquired contexts were modeled and c) how the acquired and modeled contexts were 

treated.  

Operational Categorization Scheme: This scheme classifies the contexts on the basis of 

their meanings and conceptual relationships.   

4.3.2. Conceptual categorization based context classification 

Schilit et al. [80] use the conceptual categorization based classification technique to 

categorize the context. They employ three common parameters to determine the context 

type.  

1) Who you are with: Acquiring the information about the people in user's 

surroundings.  

2) Where you are: obtaining a comprehensive information about user's current 

location such as GPS coordinates, specific address, common names (e.g., ground, 

coffee shop, school, police station), specific names (e.g., Gloria jean's coffee 

shop, Hamilton city police station), user's preferences (e.g. user's favorite coffee 

shop).  
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3) What resources are nearby: Comprises of the information about the different 

resources available in the area of user's location, such as smart objects, 

mechanical devices and other utilities.   

4.3.3. Operational Categorization based Context Classification 

On the basis of an operational categorization technique, Henricksen [81] classified the 

context in four main types. 

1) Sensed Context: This class of the context consists of the data directly sensed 

through the sensors such as temperature, light sound or air pressure are directly 

measured by the corresponding sensors. There exists a possibility of changing the 

values of these contexts with a higher frequency over time.  

2) Static Context: This context comprises of the information about sensors that never 

changes over time, such as capabilities of the sensor, range of the sensor or 

manufacturer of the sensor. 

3) Profiles Context: Such context provides the information that changes with a 

relatively low frequency over time. For instance, sensor ID, location of sensor.  

4) Derived Context: This context class contains the information that is obtained 

through primary context such as distance of two sensor nodes calculated by using 

two GPS sensors.    

Context can also be classified by distinguishing its different dimensions. Hofer et al. [82] 

define these context dimensions as physical and logical whereas Prekop and Burnett [83] 

along with Gustavsen [84] refer to these as external and internal context. The physical or 

external context is the one measured through physical (hardware) sensors such as air 

pressure, humidity, temperature and light. While the logical or internal context dimension 

is specified by the user himself or is acquired by observing the user's interactions such as 

intended tasks, goals, work context, user's emotional state and business processes. Chen 

et al. [85] present a generic classification of context that includes computing context, 

time context, user context and physical context. Context can also be classified on the 

basis of sensor types as physical, virtual and logical [4,86]. Though various researchers 
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have presented these context classifications in different ways , however, they share many 

of them in common. Simultaneously, almost all the context classes have certain common 

characteristics. 

4.3.4. Context Characteristics 

Van Bunningen et al. [79] comprehensively define some main context characteristics 

listed below: 

a) Context is acquired (sensed) through sensors or sensor networks.  

b) Context is sensed through constrained and miniaturized devices. 

c) Context originates from distributed sources. 

d) It is always changing with different frequencies.  

e) A healthy amount of contexts comes from mobile objects.  

f) Context has a temporal character. 

g) It is imperfect and uncertain in its nature.  

These characteristics help the designers to choose the suitable context for their 

applications, structure the context being used and search out for the other appropriately 

relevant contexts to design and run the context based (context aware) applications      

successfully.     

4.4. Context Awareness and Context Aware Systems 

With a background of user’s increasing expectations from its environment to adapt to 

itself, Context Aware Systems (CASs) have emerged as powerful means to synergize 

context generating sensors, wireless networks and the consequent context utilization. The 

concept of context awareness was initially presented for the introduction of research 

community in 1994 by Schilit and Theimer [87]. In the following year the same author 

[88] presented the context aware software as adaptive to its relevant context. Context 

awareness has further been well worked out and defined by Ryan et al. [5]. These 

definitions are too broad with entire focus on computer applications and systems. Further 

to this, these definitions are too specific that they do not help to recognize whether an 
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application or system is context aware or not. Probably the most suited definition is 

offered by Abowd et al. [3]  that is as follows: 

“A system is context-aware if it uses context to provide relevant information and/or 

services to the user, where relevancy depends on the user’s task.”. 

This definition helps comprehensively to identify about the context aware nature of a 

system or an application. It further, in practice, results the CASs to provide following 

three main features [89]: 

 To present the user with information and services - The information provided 

to the user is enhanced with context information by the application or the system 

(e.g., list of user's contacts is augmented through location information of pertinent 

contact) or the system provides the user with its current context based services 

(e.g., optimal path guidance or nearby restaurants guide). 

 To Automatically execute the user's required service - Applications or systems 

execute user's required services through an automatic mechanism on the basis of 

its current available context (e.g., automatic updation of status on social network 

through phone integrated accelerometer data i.e. traveling, sleeping, running). 

 To tag the context with relevant information for later use - systems link user's 

digital data with the context for the information of other users (e.g., attachment of 

virtual notes to user's certain locations, for other users to see).     

It is of the fundamental importance that a CAS is not capable to determine the occurrence 

of a situation but this is on the behalf of the application designer to determine and model 

it in the application frame work on the basis of evolving context. Where a Context 

awareness framework has the capacity to offer primary requisites of a Context Aware 

System including context acquisition, delivery and response after an appropriate 

representation [90]. 

4.4.1. CASs and Adaptation   

From an interactive perspective, as mentioned by Schmidt, Albrecht [91],  CASs show 

either of the two behaviorsadaptive or proactive. Adaptive CASs act on behalf of users, 
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try to adapt user's context and are often single trigger based. On the other hand, proactive 

CASs require user's involvement and interaction as they are multi-triggered. A context-

aware software should essentially possess the ability of adapting against the 

corresponding location, identities of nearby people, objects and changes to those objects. 

The CASs ,applications or services function with a key objective to be able to detect the 

change in their pertinent context and change their behavior in response to that particular 

context change as they are aware of their surrounding conditions and environment and 

can respond proactively and intelligently. So adaptation is an indispensible constituent of 

a CAS[92]. The adaptation can further be illustrated through adaptable and adaptive 

characteristics. It is important to note that an adaptable system offers the end users with 

the facility to customize their machines and empowers them by defining their individual 

priorities and preferences. Whereas, an adaptive system has an explicit goal to provide 

the user with automatic assistance through adapting behavior and intelligent response 

against the changes in user related environmental context. Both the systems are 

complimentary to each other and their combined use has a synergized effect on the 

optimal match between user's requirements and system behavior.    

4.4.2. Types of CASs 

From an architectural perspective the CASs can be standalone, centralized or distributed. 

Standalone architecture is the simplest and easily deployable but it does not allow inter-

node sharing of context limiting it only for small domain specific applications. In 

centralized systems, the whole range of sensors and devices is connected to a context 

server equipped with necessary computing and storage capacity that makes it simple to 

add and exchange context offering devices. As discussed by Miluzzo et al. [93], 

CenceMe is an application that, through an HTTP server, shares the users context 

acquired through the mobile phones. All the connected users inter-exchange their 

contextual information through and by relying on this server. This scheme simplifies the 

communication between the users as they are only required to establish a predefined 

channel with a single component (server). This scheme seems beneficial as it relieves the 

resource-constrained nodes form memory demanding and high CPU consuming tasks. As 



45 
 

 
 

it is relying on a single server, it offers a high extent of single point of failure and thereby 

reflects an apparent lack of robustness. Further to this, it clearly shows the scalability 

versus performance limitations, even if the server doesn't fail, as more and more users 

will connect with the server, its performance will go on to decreasing. In a situation 

where the network connections is intermitted, this scheme will not work well. On the 

other hand if the application loses the connection with the server, it will stop working 

unless it use the local cashing mechanisms.  

Keeping in view the limitations of centralized approach, Chatterjea et al. [94] and Jin et 

al. [95] propose that, while being a single point of failure, the centralized approach is 

particularly not suited for CASs because the delay involved in context updation might 

change the context itself at the source. Whereas,  Zafeiropoulos et al. [6] are of the view 

that distributed systems offer to use locality-based context acquisition and processing. A 

comprehensive classification has also been performed by Žontar et al. [96] on the basis of 

such architectures. These studies support the decentralized (peer-to-peer) approach. The 

distributed CASs often use a distributed middleware through peer-to-peer topology such 

that each device communicates directly with all the other devices of the system [97]. In 

these kinds of systems the middleware is generally embedded into the communicating 

devices themselves. Since each device in such system acts as client and server, it nearly 

over comes the issue of single point of failure. Furthermore, with the availability of 

multiple paths from each source to each destination, this distributed scheme proves more 

resilient to network related problems. For example, we consider the Hydrogen frame 

work by Hofer et al. [98] that presents an architecture for mobile devices which combines 

the local context information with nearby devices remote context. This type of the 

context can pair two devices with a complimentary information. For example, a GPS 

receiver and a thermometer can communicate to each other through a blue tooth. On the 

other hand, in order to ensure that each of interested application is being delivered with 

the context information obtained from the sensors, these systems have to deploy the 

complex algorithms. In contrast to the centralized systems, the components of distributed 

systems adopt a regular discovery process through which they tend to communicate with 

new nodes and applications. Simultaneously, contrary to the centralized systems, the time 
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required for the context propagation increases in distributed systems if there are multiple 

nodes required to connect the source and receiver nodes depending upon the routing 

protocol being used.  

The distributed systems can further be divided into two classes: collaborative distributed 

CASs and non-collaborative distributed CASs. The distributive collaborative systems 

support to accomplish a common goal. Fogarty [99] presents a context aware 

collaborative distributive system MyVine that uses location, calendar entries, computer 

activity and speech recognition to offer real time availability information amongst a 

group of colleagues. The common goal in this example is team synchronization. In 

contrast to the collaborative systems, the non-collaborative systems support to the 

individual goals. For instance, UbiqMuseum by Cano et al. [100,4] provides the visitors 

of a museum with contextual information. Visitors are given with a portable device and 

they can find their relevant information through the device that is provided on the basis of 

their individual profiles and present location in their preferred language. It is quite 

intuitive that the system is explicitly supporting the user's individual goal as the 

information is just relevant to the visitor only but since location is being inferred through 

the blue tooth emitters those are dispersed throughout the museum, the system is 

distributed. Fig. 4.1 shows the discussed hierarchy of CASs.  

 

 

  

 

 

 

 

 

Context Aware Systems 

Centralized Distributed 

Collaborative  Non-Collaborative 

Fig. 4.1. Types of Context Aware Systems  

Stand alone  
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4.4.3. CASs and Autonomicity 

Maintaining the robustness, connectivity and response time in CASs to a large number of 

key applications with an ability to adapt 'on the fly' node behavior have the 

multidimensional dynamic benefits. Enabling these systems with autonomic operational 

capability can diminish the failure threats by performing collected contextual data and 

onboard policies based local configurations. Simultaneously, it improves the response 

time to the events and reduces the energy expenditure and remote task management costs. 

Autonomic computing has emerged as a commanding mean to empower systems 

particularly CASs with self management capabilities to increase their availability and 

minimize their time and energy costs with error-prone human management [101,102].  

In order to develop the CASs, the contemporary research follows three main approaches 

[103,104]. 

1. Each application uses a direct query based mechanism with sensors and processes 

the sensor based data to take the optimize decision about way of adaptation. (no 

application- level context model)  

2. A shared context processing mechanism/toolkit/infrastructure is used to develop a 

context aware system that assists the system in collecting and processing data. 

(Implicit context model)  

3. Applications follow the shared context management mechanisms with their self 

well-defined context models to run-timely populate the models on the basis of 

sensors or other pertinent context resources. (Explicit context model)   

The last approach is found to be most suitable for the development of the context aware 

applications/systems with higher demands of autonomic context management. In modern 

research a good number of context models for CASs have been proposed but some of 

them are best suited. It is of the worth notice that the most suitable models enabling 

autonomicity in context aware applications are those that are not only restricted to define 

the information types required by the system but also the appropriate meta-data that 
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could bind the model with suitable sensor nodes (for instance, categorization of 

information into sensed and non-sensed data and quality metadata) [47].  

Autonomicity can be enabled in wireless sensor based CASs through a promising method 

of adopting the decentralized designs [105,106]. The centralized approach leads the 

system components towards vulnerability as they turn out to be the single point of failure. 

Furthermore, the entire network traffic is required to be routed towards these central 

devices, that is, especially in dense deployment, much overloading and energy consuming 

[94,95]. It raises scalability issues as well. In contrast with schemes of centralized 

deployment, decentralized approaches offer the non single point failure mechanisms 

having the ability of achieving uniform load distributions among network components. 

These are fully scalable deployments with low energy expenditures. According to the 

present day research, this decentralization can be realized by exploiting the schemes that 

are applied in peer-to-peer deployments as these decentralized approaches are relied by 

relevant protocols for example Distributed Hash Tables (DHT) [107].  

Another important perspective is the transition of these systems to the large scales. This 

causes the scalability and stability concerns and increases the operational and 

management complexity [105]. Due to the fundamental requirements of WSNs, the 

operational power consumption is needed to be optimized (minimal), while in spite of all 

battery limitations the network longevity is an ultimate demand. The efficient energy 

consumption operations are required to be realized especially in heterogeneous sensor 

deployments with diverse network components having different storage and computing 

capabilities. Further to this, the highly dynamic and volatile nature (nodes leaving and 

joining in the field) of WSN based CASs needs a continuous human intervention 

(network administrator). The operational and management complexity can be reduced by 

introducing the self organization mechanisms that require the sensor infrastructure as 

maximum as autonomic, that is, wireless sensors are required to manage themselves 

without or with minimal human intervention [108]. It seems essential that the autonomic 

functionalities be the part of CASs to enable the advanced services provision at low 

energy consumption and lead the system towards a self-organizing behavior. 
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The self organizing (autonomic) systems are supported through a number of autonomic 

functionalities given as under [109]:  

a) Self-awareness: ability of the sensor node to be sentient about its sensor 

environment and changes in the sensor network. Simultaneously, it should be 

aware of its neighboring nodes status and capabilities.  

b) Self-configuration: sensor node should be capable to change the configuration 

parameters, for example data acquisition rate, according to the circumstances and 

conditions in the sensor environment. 

c) Self-optimization: achieving the pre-defined goals at low energy cost and by 

ensuring the optimal quality of service through corrective actions should also be a 

sensor node competency.  

d) Self-protection: refers to the competence of recognition of the possible threats in 

sensor network and following the proactive means. 

e) Self-healing: initiating the corrective measures against a detected node or network 

malfunctioning or failure on the basis of predefined policies and cooperation of 

neighboring nodes to recover that node or network.    

The autonomic CASs completely rely on these functionalities and local decision even at 

the node level.  

4.4.4. Levels of Context Awareness  

On the basis of the interaction of CASs with related users, they can be classified into 

three main groups as detailed below:  

Personalization: This level of context awareness provides the users with the facility to set 

the expected outcomes from the system against their own likings and preferences. For 

example, in a smart home environment, user can set its required temperature. The central 

conditioning (heating and cooling) system will maintain the demanded temperature in all 

desired locations of the home.  
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Passive Context Awareness: In this types of context awareness level the system maintains 

a continuous monitoring of its surrounded environment and offers the related user with a 

choice of actions for his appropriate action. For instance, in a super market environment, 

the system provides the entering user with the list of items and their locations that are put 

on discounted prices through cell phone alerts for the consideration of pertinent user. 

Also, in a car parking environment, the user is provided with the parking options with 

their categories for his appropriate selection.   

Active Context Awareness: In this types of context awareness level, the system maintains 

a continuous and autonomous monitoring of its surrounded environment and takes the 

required appropriate actions on autonomous basis under predefined policies. For 

example, in a smart home environment, on detecting smoke and high temperature by 

smoke and temperature sensors, the system will automatically execute the fire alarm in 

the building. Simultaneously, the fire brigade department and the owner of the home will 

be notified through the predefined methods of information (e.g. message alert, phone 

call).   

4.5. Building Blocks Of CASs   

A CAS is a complex system that is often defined and composed to meet the desired level 

of context processing. Usually context as the pivotal information is the main emphasis of 

CASs for acquisition, modeling, reasoning and dissemination. What differs in various 

approaches is the operational flow and extent of these processes.  

Parera et al. [4] present a cyclic pathway to traverse the context based hierarchy of the 

CAS building blocks as illustrated in Fig. 4.2a. Context can be acquired through a 

diversity of sources. These sources include physical, virtual and logical sensors. Physical 

sensors are tangible sources for context acquisition which provide low-level context that 

is raw, less meaningful and noisy. Virtual sensors are not direct resources of context but 

they retrieve diverse type of data from different sources (e.g., phone directories, social 

websites, profiles and databases etc.) and publish it in the form of context. The logical 

sensors (software sensors) combine the physical and virtual sensors to produces high 
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level and more meaningful context (e.g. weather forecasting web service combines data 

from temperature, humidity and wind sensors and corresponding weather maps and 

seasonal calendars to produce the weather information). Context modeling is the process 

of defining the context in terms of its characteristics, aspects, quality, its inter-

relationship with previous contexts and with the set of queries it corresponds to. Context 

reasoning includes preprocessing, fusion and inference of context. It handles imperfection 

and uncertainty of raw data in order to deduce information and in best cases, knowledge 

as high level context [110]. Finally, context dissemination or distribution is its 

propagation to other entities.   

A number of researchers [111,112] have followed a layered approach to elaborate the 

fundamental elements of CASs as shown in Fig. 4.2b. The primary processes of context 

acquisition, modeling and reasoning have jointly been incorporated in context and its 

semantic layers. Context and situation work in cohesion to realize context awareness. 

Finally situation as high-level context is disseminated for realizing context awareness 

through actuation layer. 

 

 

 

 

  

 

 

 

 

 

 

Fig. 4.2a. Context Based Building Blocks of CAS 
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Fig. 4.2b. Conceptual Building Blocks of CAS 

Besides above discussed high level CAS models another widely used approach has been 

given in Fig. 4.3. It is named as modular hierarchy of CASs. 

 

 

 

 

 

 

 

 

Fig 4.3. CAS: A Modular Taxonomy 
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ambiguities and imperfections) of the context, context fusion (merging of data acquired 

through diverse sensors) and inference (extraction of high-level context as situation) are 

also dealt-with at this sub-module. The refined output of this module is passed through the 

decision and control sub-module to decide about a controlled action against the received 

situation. While the decided action is executed by the actuator sub-module to carry out the 

requisite task and adapt the new situation resulted through this actuation to realize the 

context awareness following a sense-decide-actuate cycle in its entirety. 

Based upon the above discussed approaches, A number of researcher have proposed  

CASs that are presented as: Chen et al. [113] present Context Broker Architecture 

(CoBrA) to support Context Aware Systems in smart and active spaces. CoBrA maintains 

a model of current context as repository of knowledge shared amongst all the components 

of the same smart place. The coupling of this shared model with reasoning provides the 

presence of a user in the smart meeting room. Roman et al. [114] come up with a meta-

operating GAIA to support the development and execution of portable applications for 

active spaces. It implements Context File System (CFS) which uses modeling and 

reasoning by federating application-defined properties and environmental context 

information to realize active spaces. MobiLife [115] follows similar conceptual frame 

work to realize context aware platform to contact anyone, anytime and at anywhere. 

SPICE [116] demonstrates a tetra-layered architecture including a specific layer that they 

term as Knowledge layer providing rich set of mechanisms for context acquisition and 

knowledge processing. Knowledge layer ensures the realization of context aware services 

by making this knowledge available. Open Platform for User-centric service Creation and 

Execution (OPUCE) [117] emphasizes on designing an architecture based on context 

cycle for integration of communication features in social networking applications and to 

realize interoperation of Telco-IT applications in a seamless event-driven way. Lamorte et 

al. [118] demonstrate a similar kind of platform for enabling context awareness in 

telecommunication services. Nigel Baker et al. [74] elaborate the mapping of context life 

cycle in actual conceptualization of context based situation, perception, decision, actuation 

and adaptation process. They further discuss the role of  context awareness and CASs 

based on this hierarchy in future Internet to realize the intelligent society and to address its 
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implications. Eduardo et al. [119] come forward with a context aware and adaptive 

approach in distributed event-based systems to model and implement context aware 

proactive applications involving the combination of context and distributed events. Parera 

et al. [4] present an IoT paradigm-based detailed analysis of CASs and underscore that 

each Context Aware System follows a sense-decide-actuate cycle. 

4.6. CASs And Bio-Inspired Reflex Arc                   

On the basis of studies provided in this and chapter 3 we find it intuitive to note that there 

may exist an analogy between Context Aware Systems and reflex actions that are 

involuntary and automatic responses of living organisms provoked by a sensory stimulus. 

Although the idea has started to gain strength, there is no contemporary work to the best 

of our knowledge that truly tries to emulate natural reflex arc in its entirety. A recent 

research project titled as "Reflex-tree" [120] tries to implement reflex arc for gas pipeline 

maintenance in urban environments. The authors present a four tier hierarchy each being 

part of the reflex arc. The research work, however, falls short of elaborating how exactly 

this reflex arc mimics the natural reflex arc. They do not shed any light on the nature of 

biological reflex arcs if it is instinctive or learned.  

A deep insight into various studies [121,122,123] on human and animals provides 

converging evidence for the existence of two foremost types of reflexes in human beings. 

Firstly: Inborn or intrinsic reflexes which execute their required functions without 

underlying foundations of memory or prior experience. These instinctive reflexes are 

never learned by the subject consciously or unconsciously. Secondly: learned or 

conditioned reflexes which carry out their requisite operations on the basis of some 

preceding experience or on the basis of the information items stored in the non-

declarative or implicit unconscious portion of the memory. This specific portion of 

implicit memory serves as the priming memory in which the store is "primed" through 

repetition of experiences. This primed store helps them to respond very promptly. 

On the basis of a thorough review of above cited literature, our corresponding intuition 

about Context Aware Systems that follow sense-decide-actuate cycle and associative 

learning-based conditioned reflex action, we conclude the followings: 
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1. Each CAS operates through a sense-decide-actuate cycle in which the actuation 

once performed by the system against a specific event does not help the system to 

treat the reappearance of the same event intelligently through on-the-fly meta 

context. Consequently, CAS executes the same cycle to gain same actuation 

resulting in suboptimal performance leading to corresponding time and energy 

expenditures. 

2. In contemporary CAS, there is no such mechanism that supports retention and 

recollection of actuations performed thus far. This limitation restricts the system 

to adopt the self associative learning ability and therefore cannot react reflexively 

in case of recurrence of an event. 

Through this research, we propose CRAM, a novel cut-through processing paradigm for 

contemporary visual Context Aware Systems. CRAM provides a cohesive approach to 

integrate visual context addition and associative learning-based conditioned reflex action 

to reduce visual context processing so as to evolve CAS into the autonomic state of 

minimalist actuation. The reflex action is physically realized through supplementation of 

a memory module into CAS that gets primed every time an event occurs. Both context 

addition and conditioned reflex implemented as an overlay on CAS results into the 

reduction of node and network-level image processing, increased network-wide energy 

efficiency and delay cutbacks.  

4.7. Contributions 

The authors have contributed the followings in this chapter:  

1. After having a thorough analysis of Context Aware Systems, it has been presented 

intuitively that the each CASs follows a sense-decide-actuate cycle.  

2. The possible existence of an operational analogy based on priming memory and 

corresponding learned reflex actions between human nervous system and CASs 

has been explored and presented.  

3. A couple of problems that result into the underperformance of CASs have been 

highlighted. In order to overcome the stated problems a priming memory based, 

learned reflex action enabled model has been proposed.     
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CHAPTER 5 

 

Proposed Architecture 

 

5. Overview 

In this chapter we present the detailed aspects of our proposed model: A Conditioned 

Reflex Action inspired Adaptive Model for Context Addition in Wireless Sensor Networks. 

It proceeds through the conceptualized behavior of proposed model based upon context 

addition and reflex arc that forms the basis of the architecture subsequently presented 

(section 5.1). The layered implementation of the architecture through tenon-mortise 

approach is then detailed in the subsequent part. This second part provides with the 

comprehensive treatment of CRAM physical test bed. Section three of the chapter 

demonstrates the CRAM memory management module that resembles to the human 

memory system. Section four concludes the chapter by elaborating author's contributions.     

5.1. Conceptualized Behavior 

The envisaged behavior of four layers of CASs is shown in Fig 5.1.  

CRAM provides Mobile Object (MO) detection, tracking and recognition mechanism 

through a distributed context added system. The sensing layer being the first and the 

lowest layer comprises of pertinent sensing devices. Sensing process takes place 

whenever a MO is detected. The sensing process always occurs at every node in entirety 

and it does not undergo any change over time. However, the behavior of other layers 

changes overtime as per the following: 

The processing layer that typically implements context semantics in traditional CASs 

changes its behavior in CRAM with the incorporation of context addition. When MO is 

detected at the first node, its context is processed in entirety. As MO moves on to the 

subsequent node in its trajectory, context processing starts to reduce. It is due to the fact 
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that the actuation performed by each predecessor node serves as a meta context to its 

successor. The processing and decision making gradually reach to an asymptotic minima.   

Overtime, the corresponding actuation once performed by the system helps the system to 

internally evolve by serving as a new context. As the system is exposed to more 

situations in due course of time including recurrence of events, its context repository is 

enriched through such retrospective contexts, gradually letting it perform internal 

actuation through improved introspective contexts. Finally, it reaches at a juncture where 

a new situation demands minimal external actuation, truly realizing the operation of a  

context-added system.  When a context added system fully realizes internal actuation, it 

starts to reflexively respond to recurrence of MO. 

 

Fig. 5.1. Conceptualized behavior of CRAM 

Reflex 

Actuation 

External

Actuation 

Internal

Actuation 

Processing

Decision 

Net 

Reduction 

Sensing

Time 

System 

Execution

 



58 
 

 
 

5.2. Tenon-Mortise Architecture   

This section is bipartite. The first part elaborates camera deployment and mobility model  

that determines the physical topology and resulting mobility pattern of MO in Region of 

Interest (RoI). The second portion comprises layered implementation architecture of 

CRAM that realizes context addition and reflex arc through cross-layer modules.   

5.2.1. Camera Deployment and Mobility Model   

We formulate the following assumptions for the realization of tenon-mortise layered 

model: 

 The blueprint of RoI is pre-defined in which each External or Edge Node (EN) is 

equipped with sonar and camera while each inner node (IN) is provided with 

camera only. 

 All SNs have pre-programmed locations in RoI such that each node is aware of its 

 location and the relative locations of each of its one hop neighbors. 

 All internal nodes have same computational and memory resources. The external 

nodes have been provided with an additional memory module that serves as 

priming (imitation).  

 ENs exhibit three states based upon energy consumption with regards to sonar, 

camera, timer and transceiver operations as shown in Table 5.1, while INs exhibit 

two states of activation with respect to camera, timer and transceiver as depicted in 

Table 5.2. 

 The fields of view of EN sonar and camera are calibrated to be exactly the same.                        

Table 5.1. EN States 

State  Sonar  Timer Camera Transciever 

Active  1 1 1 1 

Quasi sleep  1 0 0 0 
Sleep 0 0 0 0 
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Table 5.2. IN States 

 

  

Since we present a mobile object detection, tracking and recognition system, it is 

important to lay out the physical deployment of sonars and cameras and consequent 

mobility considerations. As MO mobility is constrained to the road segments only (Fig. 

5.2), we find Manhattan mobility model as the most suitable one for MO in RoI.   

 

 

Fig. 5.2. Camera Deployment and MO Mobility Pattern 

CRAM comprises of two sensor node stratums. The outer stratum consists of two layers 

of ENs. The twofold edge node hierarchy is deployed to assure the detection and 

recognition of intruding MO in a reliable and energy-efficient manner. The operation of 

sonars in sets of duo with overlapping (FoV) is presented to ensure coverage while the 

operation of sonars in triplets achieves energy efficiency. 

State  Timer Camera Transciever 

Active  1 1 1 

Demin sleep  0 0 1 
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Considerations for camera deployment of ENs: For the length of each side of exterior 

layer as L1, the total number of nodes N1, each with Field of View (FoV) of  width W1 , 

required to cover is given by �� = ��	/	�� and the total number of ENs required to 

secure the complete perimeter = 4N1. 

Similarly, for interior layer �� = ��	/	��. The total number of ENs required to secure the 

complete perimeter = 4N2.  

It is obvious that FoVs of  W2 = 2W1  N2 = N1 - 1 N1 = N2+ 1. 

Considerations for camera deployments of INs: In order to detect and track MOs that 

follow Manhattan model, two types of INs are deployed. The first type of nodes are 

cameras nodes which are deployed in such a way that each camera covers 'n' number of 

horizontal road segments and 'm' number of vertical road segments in RoI. For instance as 

in Fig. 5.2, visual coverage of IN_1 is three horizontal road segments RS_H4, RS_H5 

and RS_H6. Similarly IN_8 provides visual coverage of RS_V7, RS_V8 and RS_V9. 

These road segments all together form rows and columns across RoI as a grid-like 

structure. The total number of INs required to provide complete RoI coverage is given as 

(IN)T 

    (��)� = (� − 1)+ 	(� − 1)    (1) 

where R is the total number of rows and C is the total number of columns. 

The second type of INs are Carrefour nodes that are deployed at the carrefours2. 

Carrefour nodes provide coverage for MOs approaching or departing an intersection of 

four road segments. The total number of Carrefour cameras required to cover whole RoI 

can be given as  

 

    (��)� = (� − 2)(� − 2)    (2) 

5.2.2. The Layered Architecture 

We present tenon-mortise modules as the realization of the implementation architecture 

of CRAM based upon cross-layered approach as shown in Fig. 5.3. 

                                                           
2
 Carrefour is French word for intersection. 
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Physical layer deals with necessary hardware infrastructure and provides signaling 

information to the network and processing layers using sonar and timer and shuttered-in 

frames through cameras. The network layer is just above the physical layer. It 

implements sonar and timer modules to manage sensing, sleeping and synchronization 

operations. It also manages the transceiver through routing decision modules. Memory 

management module at the network layer allows the management of memory either at the 

same SN or amongst a set of SNs.  Image processing layer, being the highest layer 

performs image detection, recognition and tracking through an interplay of database 

management, image processing and routing decision operations. 

 

 

Fig. 5.3. Tenon-Mortise layered Model 

Physical Layer 

The physical deployment of hardware devices such as sonar, timer, camera and 

transceiver is defined at physical layer. 

 ENs monitor the existence of an intruding MO through sonar. Consequently cameras 

are only activated after sonars have detected MO. 

 Timers are used to disseminate timing information for synchronization of image 

acquisition activity at neighboring SNs through in-time activation of next expected 

nodes. 

 The key function of camera is to capture the image of an intruding MO into RoI. The 

camera is turned on just at the arrival of MO in SNs and is turned-off soon after the 
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image acquisition for conserving energy. A multitude of image processing algorithms 

are then applied. 

 Memory provides workspace and storage capabilities. Non-volatile memory is utilized 

to store and update topology tables, silhouette tables and other type of pre-stored 

information. Volatile memory provides run-time environment to perform more 

intelligence-intensive operations at the upper layers.     

 Transceivers are used for the transmission and reception of packetized information 

messages from upper layers. 

Network layer 

The network layer comprises sonar sensing, sonar-based sleeping, time synchronization 

and memory management modules. Memory management module manages the CRAM 

memory hierarchy with a prime focus to deal with the explicit and implicit memory 

items. This module ensures the placement of image extracted during the runtime 

processing of MO in the priming memory that further plays the main role in realization of 

reflex action (Section 3.2).   

Sonar Sleeping Module is incorporated with focus on the fact that CRAM assumes to 

have sonars only at ENs. It becomes improbable to detect MO again in RoI if sonars fail 

or laxly do so. In order to provide stronger means of detection, two layers of sonars are 

deployed as shown in Fig. 5.4a. ENs in both exterior and interior layers are positioned in 

such a way that one background node resides behind and between two foreground ENs 

forming a triplet such that FoV of an inner EN is double than that of an outer EN (Fig. 

5.4b). 
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Fig. 5.4a. Double layer sonar deployment   Fig. 5.4b. Triplet formation of sonar 
 

Such triplet formation results into improvements in fault tolerance and failure resilience. 

For example, when one triplet fails, two neighboring triplets automatically provide 

alternate coverage. In order to ensure this coverage, inter-sonar distances of background 

ENs follow the following well-known solid angle relationship. 

   �� = 	����		,			�� = 	��	��					���					�� = 	��	��   (3)  

As LA = 2L1 or LA = 2L2 so dA = 2d1 or dA = 2d2   such that when IN is On, its coverage 

should be equal to the coverage of two ENs.  

For power consumption analysis we suppose that the number of ENs at each layer of 

outer layer is n (as for very large networks n = n + 1). If p is the amount of power 

consumed by each node, the average power consumed by outer stratum exterior layer is  

���� = �	�. 

Since in each triplet one background node operates against two foreground nodes, the 

total number of ENs at interior layer for corresponding n nodes of exterior layer in 

triplets must be n/2. Now if p is the amount of power consumed by each node then the 

total amount of power consumed by all nodes of triplets at interior layer can be given as  

���� = (�/2)�. 

If the distance between inner ENs is doubled (requisite for a triplet) the power 

consumption becomes fourfold. then above relation can be modified as  

���� = (�/2)	4�    ���� = 2��. 
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And finally, if the average power consumed by two layers in triplet form is PAvg then it 

can be demonstrated by following relation 

���� = (���� + 	����)/2	  

   ���� = (�� + 	2��)/2 

Hence     ���� = 1.5	��     (4) 

So the power consumption difference between non-triplet format and triplet format is 

0.5np. Clearly the triplet formation bears a power tax of 0.5np, but this power added levy 

provides us with almost complete border breach avoidance system [124] in which the 

system performs equally well even if 50% of nodes fail. Table 5.3 shows failure 

resilience of CRAM through triplet formation. 

Table 5.3. CRAM failure resilience through triplet formation 

Malfunctioning 
Triplet  

Triplet Nodes  Failing Nodes  Alternatively Working Nodes  

1 1, 2, A 1 or 2 or 1 and 2 or A 2, A or 1, A or A or 1, 2 

2 2, 3, B 2 or 3 or 2 and 3 or B 3, B or 2, B or B or 2, 3 

3 3, 4, C 3 or 4 or 3 and 4 or C 4, C or 3, C or C or 3, 4 

4 4, 5, D 4 or 5 or 4 and 5 or D 5, D or 4, D or D or 4, 5 

5 5, 6, E 5 or 6 or 5 and 6 or E 6, E or 5, E or E or 5, 6 

 

The power expenditure at ENs can be efficiently managed through a distributed sleep 

scheduling  

among the foreground and background nodes of the triplet in such a way that if a 

foreground EN fails, the background node can be activated instead. Vice versa, two 

foreground ENs can be activated in case of background EN malfunction. The sleeping 

schedule among the foreground and background nodes is shared through SMAC protocol 

[125] in which background nodes play the role of synchronizers and foreground as 

followers in each triplet.  

Sonar-Sensing Module identifies the entrance of the MO in the RoI after receiving 

Mobile Object detected (MOD) message from sonar. At the deployment time, distance-

based fingerprinting of reflected Received Signal Strength Indicator (RSSI) is computed 
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and stored as RSSITHRESHOLD at each EN. The EN at the boundary of RoI periodically 

sends out beacons to sense possible presence of MO. An EN responds to detection only 

when the measurement of received RSSI is greater than that of RSSITHRESHOLD. Upon 

reception of an echo to the beacon at exterior layer EN, the duo of foreground ENs, on 

the basis of the received RSSI on both of the duo nodes, communicate with each other for 

the selection of an apt EN to kick-off the MO detection job. If the signal is received by 

the background EN of the triplet, it proceeds with the task of MO recognition itself. For 

assuring that MO is present and is detected in RoI, we propose that three readings must 

be taken and analyzed according to Table 5.4 before camera activation takes place. 

Table 5.4. Object movement and EN Response 

Sonar Reading MO movement EN Response 

r1= r2 = r3 = 0 MO not present No MO detection by SN 

r1= r2 > r3 MO present but moving away MO detected but not recognized 

r1> r2 > r3 MO present but moving away No MO recognition 

r1< r2 > r3 MO present, came close and now moving away No MO recognition 

r1= r2 = r3 MO present but stands still MO recognition is performed at that SN 

r1< r2 = r3 Came close and stopped MO recognition is performed at that SN 

r1> r2 < r3 Came close, went away and came close MO recognition is performed at that SN 

r1< r2 < r3 Moving towards and entering RoI MO recognition performed all along its 
trajectory 

r1= r2 < r3 Moving towards RoI MO recognition performed all along its 
trajectory 

 

Unnecessary camera activation is avoided by anticipating MO trajectory in the network 

which  

leads to network longevity. For instance, if a mobile object approaches a sonar and then 

turns back or moves away from its defined trajectory, no camera is activated. This 

module, after sensing the existence of any MO in the RoI, generates MOD message to 

activate the next hop IN. 



66 
 

 
 

Time Synchronization Module: Each IN sends MO image related information to next 

hop IN with an associated local time of its acquisition which provides time reference for 

synchronization [125]. Such synchronization requires accuracy and timeliness so that 

other IN are activated only and definitely when MO is in this proximity. In order to 

realize tightly coupled synchronization of  INs timer clocks, we present Camera-

Activation Delay avoidancE Time Synchronization (CADETS) scheme in the time 

synchronization module (Fig. 5.5) which is tailored to the unique sequence of camera 

activation and image processing. Here, synchronization activity is initiated in the relevant 

section of RoI upon the detection of MO by the ENs through beacons to successive INs  

to update the time information. This time information is further used by INs as reference 

to synchronize their time clocks and those of subsequent INs in their radio ranges well 

before image processing module disseminates upper layer messages.  

 
Fig. 5.5. Time synchronization through CADETS 

 

Memory Management Module particularly manages the intercommunication of 

memory module and database management module. One of the main features of this 

module is to administer the memory module that consists of declarative memory in the 

form of RSSITHRESHOLD, topology table, silhouette table and the compressed images 

resulted through SICS. The memory module is also included with non-declarative 

memory (priming memory) in the form of priming table comprising of aspect ratios of 

MOs in totality. Memory management module detailed working has been discussed in 

Section 3. 
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Processing Layer 

It contains and executes the logical and algorithmic segment of CRAM to deal with the 

task of object tracking and identification. It consists of database management module, 

image processing module and routing decision module. The operational contribution of 

each of these modules is elaborated as under: 

Database Management Module: A distributed database based on the regional aspects, 

application constraints and requirements to correctly detect, track and  recognize  the MO 

has been deployed over entire RoI. 

Database Organization 

 Each EN maintains a database record in its memory called topology table to store 

the neighbor SN's positions and their camera orientations. This table provides the 

key support in perspective-based mobile object tracking as shown in Table 5.5. 

Table 5.5. SN Positions and Camera Orientations 

SN_ID SN Position (Cell, 
Column/Row) 

SN Camera Orientation (Direction)  

IN_1 (11, I) W 
IN_2 (1, II) E 

IN_3 (12, III) E 

 

 Each SN maintains another table in its declarative memory called Silhouette table. 

This table contains silhouettes of probable MOs with their respective identifiers 

(IDs), silhouettes aspect ratios with respect to their segments, classes assigned to 

these silhouettes, octets, views, angles and sureties defined against these stored 

silhouettes as shown in Table 5.6. In CRAM two classes have been assigned to 

the stored silhouettes. Class 1 represents vehicles while class 2 corresponds to 

humans. Each silhouette is segmented on the basis of its evident number of 

prominent visual features and then aspect ratios are computed for its each 

fragment. This calculation has been discussed in details at the end of this section. 

Octet is an ASCII code assigned to a recognized MO. Angle is the angle of 

camera with respect to MO while the view is the angle of MO with respect to 

camera. Surety represents the percentage match of acquired image with the stored 
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silhouette and for each stored silhouette it can be given by the following relation:  

     

 Silhouette surety at observing SN = { 
0													��	��	���ℎ������	��	�������
�

�
	× 100																																	��ℎ������

						 

 Where k is the total number of silhouettes of a single object with different aspects 

 distributed throughout the RoI. 

 The static background image of the stored silhouettes is also stored in the 

database for the further use in the image processing procedures. 

Table 5.6. Silhouette Table 

ID Class  Silhouett

e 

Silhouette Aspect Ratios w.r.t. Segments  Octet View  Angle Surety  

   Total Segments Aspect Ratios     

1  

     0 

(vehicles) 

 
3 (segment id,aspect ratio) Car Front 0 12.5% 

2 

 

3 (segment id,aspect ratio) Bus Back 180 12.5% 

3 1 

(Humans) 
 

4 (segment id,aspect ratio) Human Front 90 25% 

 

Database Deployment 

 Topology Table Deployment: For successful tracking of MO each SN is equipped 

with a topology table which contains the all neighboring SN's positions and 

orientations. Table 5.7 shows the deployment of topology table at IN_4. 

 Deployment of Silhouette Table: Storage of silhouette table at each SN depends 

primarily at its locality. For instance, IN_1, IN_2, IN_5 are expected to cover a 

solo side of the MO so one silhouette of requisite dimension for each expected 

MO is enough to be stored in its silhouette table as shown through Table 5.8 for 

IN_2. Conversely, as a Carrefour camera is positioned to acquire image through 

(5) 
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its multiple (sides, front, back and tilted views) aspects. So, its table will be 

provided with all possible dimensions of probable MO silhouettes as shown in 

Table 5.9 for IN_9. 

Table 5.7. Topology table for IN_4 

SN_ID SN Position (Cell, 
Column/Row) 

SN Camera Orientation (Direction)  

IN_3 (12, III) E 
IN_5 (15, V) W 
IN_6 (10, VI) E 
IN_7 (18,VII) S 
IN_8 (19,VIII) N 
IN_9 (7, IX) W 

 
Table 5.8. Silhouette table of IN_2 

Class Silhouette  
Aspect Ratios w.r.t Segments  

Octet  View Angle  Surety  
Segments  Aspect Ratios 

0 

 
3 

(segment id, 
aspect ratio) 

Bus  
Left 
Side 

90 12.5% 

 
3 

(segment id, 
aspect ratio) 

Tank  
Left 
Side 

90 12.5% 

 
4 

(segment id, 
aspect ratio) 

Car 
Right 
Side 

270 25% 

 
4 

(segment id, 
aspect ratio) 

Jeep 
Right 
Side 

270 25% 

1 
 

4 
(segment id, 
aspect ratio) 

Human  
Left 
Side 

90 25% 

  

 It has been erudite that the number of silhouettes in entire network raises with the 

increase in RoI if the SNs are mounted at a constant distance from each other 

while if deployed at variable distance, total number of silhouettes depends upon 

the number of SNs deployed in RoI.  

 Silhouette Table is affected by few factors in which Camera Orientation becomes 

at primary level. Each SN is stored with the silhouettes which have the higher 

matching probability with acquired MO silhouettes as for IN_2 side views of MO 

have the highest probability to match. Secondly, with the increase in Type of MO 
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to be passed through RoI, silhouette table amplifies in its size. Thirdly, in case the 

Gauss's Markov mobility model is used, it will require to store silhouettes of all 

possible aspects over the entire network and correspondingly the surety depends 

upon the number of silhouettes stored for a single object as demonstrated in Table 

5.10. 

Table 5.9. Silhouette Table of IN_3 
ID Class  Silhouette Silhouette Aspect Ratios w.r.t. Segments  Octet View  Angle Surety  

  

 

 

 

 

      0 

(vehicles) 

 

 Total 

Segments 

Aspect Ratios     

1 
 

3 (segment id,aspect ratio) Car Front 0 12.5% 

2 
 

3 (segment id,aspect ratio) Car Right 

Side 

270 12.5% 

3 
 

3 (segment id,aspect ratio) Car Back 180 12.5% 

4 
 

2 (segment id,aspect ratio) Bus Left 

Side 

90 12.5% 

5 

 
3 (segment id,aspect ratio) Bus Back 180 12.5% 

6 
 

3 (segment id,aspect ratio) Jeep Right 270 12.5% 

7 

 
3 (segment id,aspect ratio) Jeep Front 0 12.5% 

8 
 

3 (segment id,aspect ratio) Car Tilt  315 12.5% 

9 
 

3 (segment id,aspect ratio) Car Tilt  225 12.5% 

10  

1 

(Humans) 

 

3 (segment id,aspect ratio) Man Left 

Side 

90 25% 

11 

 

3 (segment id,aspect ratio) Man   Front 0 25% 
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Table 5.10. Silhouette Table with different aspect ratios stored in database 

ID Class Silhouette  
Aspect Ratios w.r.t 
Segments  Octet  View Angle  Surety  
Segments  Aspect Ratios 

1 

0 
 

 
4 

(segment id, 
aspect ratio) 

Car  Front/Left  45 

Depends 

on stored 

silhouettes  

2 
 

1 
(segment id, 
aspect ratio) 

Car  
Left 
Side/top 

90 

3 
 

3 
(segment id, 
aspect ratio) 

Jeep  
Left 
Side/Tilt 

90 

4 
 

3 
(segment id, 
aspect ratio) 

Car 
Right 
Side/Back 

225 

5 
 

3 
(segment id, 
aspect ratio) 

Car  
Right 
Side/Tilt 

270 

 

Silhouette Segmentation and Aspect Ratio Calculation: The silhouettes of multiple 

MOs with  highest matching probabilities are stored in SNs that are used to identify MO 

by matching them with run-timely acquired ones. Silhouette segmentation process is 

based on the total number of prominent features for example the front view of a human is 

segmented with five prominent features as head, neck, shoulders, torso and lower limbs. 

Fig. 5.6a. illustrates the different segmented views of a human. Similarly Fig. 5.6b. shows 

the prominent features based segmented images of hatchback and saloon cars with 

different views.  

The computation of aspect ratios is carried-out by taking the width-to-height ratios of 

segmented parts. For instance, Fig. 5.7 explicates the segmentation of human in five parts 

based on prominent features and calculation of aspect ratios stored in the database table. 
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Fig.5.6a. Human segmentation with different views based on prominent features 

 

 
Fig.5.6b. Aspect ratios calculation of human silhouette  
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Fig. 5.7. Car segmentation with different views based on prominent features  

 

Image Processing Module: IP module is initiated directly by sonar interruption at EN or 

upon reception of MOD message at any SN. Being the central part of the CRAM IP 

module plays the key role in image capturing and processing. It captures the MO 

instantaneous image, processes it through different image processing algorithms to 

convert it into MO silhouette, matches this extracted silhouette with the stored one, 

recognizes the MO and presents its outcomes in the form of percentage surety. It 

operationally proceeds with following assumptions 

 The pre-stored and extracted silhouettes are of identical scales.  

 The Background subtraction algorithm is restricted to be applied only in the 

condition when the distance between road segments and the SNs remains the 

same.  

Image processing module contains some sub-modules whose role is elaborated as under:  

Image Capturing Sub-module is responsible for acquisition of instantaneous image. Upon 

reception of MOD message, the corresponding SN triggers its camera for Δt time and 

captures fixed size MO image. It is of the fundamental concern that in presence of 



 

 

variance in MO arrival time 

frequency must be 25 frames per seconds in vehicle traffic areas

captured by SN every ith

demonstrates the timeline of SNs sequential camera activation for 

After acquisition by image capturing sub

through the Image Change Detection Module

static background to detect the presence of MO

(GMM) for this change detection for given number of Gaussian components for 

'evolving' background. The process of change detection can be influenced by a number of 

factors at each node which include swaying background objects, slow moving 

foregrounds and shadowing o

 

with their localized distinctiveness. This emphasizes on the adaptation of the image 

change detection module on each 

localized background process and less sensitive otherwise. 

counter the effects of active backgrounds processes

components in mixtures of Gaussians and thro

background is more stationary. 

not suggested CRAM because of higher quantity of consequential energy drain

added complexity. 

For optimization of image chan

scheme which is driven by a feedback loop bridged between an up

trajectory node. The up-trajectory 

 

arrival time Δt affects the total 'Shutter ON' time. The image acquisit

frequency must be 25 frames per seconds in vehicle traffic areas [126]. Out of 

th frame is processed for MO recognition and tracking. 

demonstrates the timeline of SNs sequential camera activation for Δt seconds. 

by image capturing sub-module, The captured image is processed 

Image Change Detection Module to find any change in pre-stored image with 

to detect the presence of MO. We use Gaussian Mixture M
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which activates another IN while down-trajectory node stands-for an IN which is 

activated by an IN or EN. In the operational execution of this scheme, when an object is 

sensed by an up-trajectory node, it forwards a MOD message to its down-trajectory 

neighbor expecting that its counterpart shall detect it. On successful detection, the down-

trajectory node replies with positive feedback implying that the change detection at up-

trajectory node is sufficiently sensitive or adequate number of Gaussians are being used 

at it. In a situation where the down trajectory node does not detect the MO, it responds 

negatively signifying the fact that up-trajectory node is not aptly sensitive or more 

number of Gaussians are needed to be fuelled. These False-Positives can also be triggered 

by malfunctioning of an IN or Carrefour node and can be alleviated by practicing a 

consensus and voting algorithms among a group of neighboring inner nodes based 

hysteresis loop which intertwines recursively in whole network to avoid such 

malfunctions [127]. 

The Image captured by Image capturing module is refined and fine tuned by image 

change detection module and is compressed and stored by Image Compression and 

Storage Module. In order to optimize the compression and storage we use Quality-aware 

Transcoding [128] which offers a quality-vs-size tradeoff based scheme for dynamically 

changing the image size. we further propose a compression and storage scheme in which 

the image is compressed and stored based on its corresponding MO's surety level named 

as Surety Based Image Compression and Storage (SICS).In this scheme as a MO attains 

more surety levels its image is transcoded to more elevated levels and is stored at lower 

image quality levels to diminish the energy expenditure as the power consumption of 

transcoding operation decreases with decline in image's quality level. We examine that as 

the low-quality stored images are sufficient enough for further image processing and MO 

recognition so the MO recognition process is not manipulated by this low-quality image 

storage. Moreover, these low-quality stored images occupy less space in the memory 

which ultimately consumes less computational power for further image processing and 

MO recognition processes. We justify the proposed method through Table 5.11. 
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Table 5.11. SICS surety based transcoded image storage and corresponding power consumption 

analysis 

Surety Level (%) Image Transcoding Level Image Quality Level (%) Power consumption in 

transcoding operation (mW) 

0-25 Level-0 100 Nil 

26-50 Level-1 75 68.8 

51-75 Level-2 50 44.1 

76-99 Level-3 25 24.7 

 

When a MO penetrates into the RoI for the first time, its image is not transcoded as per 

the suggestions of SICS and is stored with its original size for better identification. 

subsequently when it passes through more SNs hops (IP) in RoI, it consequently acquires 

elevated surely levels. At a situation when the MO attains surety level more than 25% , it 

is assigned with the corresponding transcoding level. For instance, at 50% surety it 

achieves transcoding level 1 , at 75% surely it is transcoded at level 2 and when it reaches 

at more than 75% surety it gets transcoded level 3 and  is stored at 75 and 50  and 25 

percent image quality levels respectively. The entire power expenditure through image 

capturing, compression and storage modules can be given as  

    �� = 	�� + 	�� + 	��       (6)  

Where PT is the total power consumed while PA , PC and PS are powers consumed by 

image capturing, compression and storage modules respectively. Each of these 

constituents of power consumption are independently determined by the algorithms used 

below. 

Image Subtraction Sub-module is used to extract the MO silhouette by subtracting the 

silhouette from its image with static background stored at SN through background 

subtraction sub-module. Background subtraction can be optimized in terms of power and 
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time cost by applying don't care operation on background image without affecting 

silhouette extraction. In order to apply don't care operation on selected parts of 

background image the total awareness of acquired and stored image is required as the 

unchanged parts of both images are not processed or don't cared. The changed and 

unchanged regions can be detected by applying the following equation as suggested by 

Xu et al. [129].  

																																																									����
� = ���

� 	(��)−	���
� (��)																																										(7) 

The pixel-by-pixel change detection process is executed once at first time entry of the 

MO in RoI while the change is detected on successive hops. As RoI is based on 

Manhattan model so the possible division of background image in four portions is 

proposed in which few are don't cared and few are used for background subtraction. It is 

found that there possibly exist four cases which include the variation of change detection 

regions and positions of changed regions as shown in Table 5.12. Based on the total 

number of changed regions and their positions, we assign a distinctive code to each 

possible combination which is further used to transfer background subtraction 

information to neighbor SNs. The background subtraction operation is applied to the one, 

two or all parts at all SNs in which change is detected. We also suggest an ID-based split 

background image subtraction which applies the background subtraction operation on 

some portions of background image on the basis of ID of previous SN. These portions are 

selected on the basis of scene entry region information where scene entry information 

refers to the mobile object navigation on last SN where the MO is lastly seen and 

provides the entry direction of MO at a SN. SNs store this scene entry region information 

in their topology tables with reference of their neighbor SNs IDs. We present the IN_4 

from Fig. 5.2 as an example to demonstrate the adequate section of background image 

approaching it from neighbor SNs while supposing that the change is detected in one 

portion so the subtraction shall take place at corresponding single portion (Table 5.13).  
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Table 5.12. Total possible changed regions with their positions 

Case No Total no of changed 

regions 

Code No Changed Region 

1 4 0000 

 

2.1 1 0001 

 

2.2 

 

1 0010 

 

2.3 

 

1 0011 

 

2.4 1 0100 

 

3.1 2 0101 

 

3.2 2 0110 

 

3.3 

 

2 0111 

 

3.4 2 1000 

 

4.1 3 1001 

 

4.2 3 1010 
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4.3 3 1011 

 

4.4 3 1100 

 

 

Further analysis shows that the total time consumed during the image subtraction of one 

portion which is 4.5 times less than the time it takes to subtract whole image. 

Table 5.13. Split Background  Table of IN_4 based on previous SN_ID 

       previous Node_id Scene entry region information Background section 

IN_3 
North West  

 

IN_5 
South East 

 

IN_6 
North East 

 

IN_7 
South East 

 

IN_8 
South West 

 

IN_9 
North West 

 

IN_10 
North East 

 

IN_11 
North West 
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Silhouette Comparator Sub-module compares the finally extracted silhouette with pre-

stored silhouettes in the silhouette table. In order to optimize energy utilization we 

present a feature-dependent silhouette segmentation (FRILL) procedure. In this 

segmentation technique the acquired silhouette is segmented in correspondence with the 

stored silhouette such that the both possess absolutely identical and same number of 

segments. Further the aspect ratio of each segment of extracted silhouette is computed 

and is compared with the aspect ratios of corresponding segments of stored silhouette. 

The silhouette comparison procedure is done through the following expression  

	���� = ����	�∑���
� −	���

��∀�			 

Where ARe = Aspect ratio of the extracted silhouette, ARS = Aspect ratio of the stored 

silhouette, j = Total number of silhouette segments and k = Total number of silhouettes 

deployed on a SN. 

Intuitively, this relations works-out the extracted and stored silhouettes' aspect ratio 

difference one by one and then returns the least difference value. The stored silhouette 

with which it shows minimum difference is declared similar to extracted one while the 

extent of similitude in percentage is calculated through the following relationship 

	��������������ℎ =
∑ (�����������������������)
�������������
���

∑ (��������������������)
�������������
���

						
	× �

�

�
� × 100			 

The proposed mechanism is presented with an exemplar scenario in Fig. 5.9. The 

silhouette of an unknown MO is extracted and matched-up with four stored silhouettes of 

human with dissimilar views. The run-timely harvested silhouette is segmented in same 

correspondence with stored ones in the database. For instance, when this is matched-up 

with standing man's side view, it is segmented in six parts and consequently in five parts 

while being compared with man's armed view with same width and height ratios. 

After getting-done with the matching-up task, a packet is generated by IP module in 

which all the fields are extracted from database except surety as illustrated in Fig. 5.10.    

 

(9) 

        (8) 
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Sequence number  SN_ID Octet Angle  Percentage Match  Time Stamp 
Fig. 5.10. Resultant MO information packet generated by IP module 

Routing Decision Module: This module destines the packets generated by IP modules. The 

sonar-sleeping, sonar-sensing, time synchronization and image processing modules are 

responsible to invoke it. Table 5.14 shows a variety of decisions this module can take.  

  Fig. 5.9. Match up of an unknown MO extracted silhouette with the pre-stored silhouette in database  
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When the Routing decision module is summoned by sonar-sleeping module, it disseminates 

the background EN's generated sleeping schedules with destined foreground ENs in a triplet. 

It further decides about the sonar-sleeping module generated MOD destination where the 

MOD calls-up the camera of most optimal SN form timely acquisition of image frame and 

MO recognition. 

Table 5.14. Decision table of routing and decision module 

External Module  Packet Type  Destination Decision 
Sonar Sleeping Module  Sleeping Schedules Send to ENs in a triplet 
Sonar Sensing Module  Sleeping Schedule  Send to next hop only 
Time Synchronization Module Beacon/ Time Stamps Send to subsequent node only  
Image Processing Module  MO recognition information  Send to next hop SN/ Base Station  

 

5.3. CRAM Memory Management and Processing 

In this section, we present a mapping between human memory structure and CRAM memory 

composition. The humans are in-built with a three stage memory formation as illustrated in 

Fig. 5.11. The first stage of memory in human anatomy that interacts the outside world 

through the sensory receptors is Sensory Memory. 

 

 

 

  

 

 

 

 

Fig. 5.11. CRAM memory structure 

 

Haptic Memory 

Immediately Built Memory 

 

SICS Based Memory 

Working Memory 

 

Long Term Memory (LTM) /   Permanent Memory 

 

Transferred 

 for Storage  

Non-Declarative Memory 
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Declarative Memory 

Topology Tables  

Explicit Memory  Implicit Memory 

Attention 



83 
 

 
 

In CRAM, analogous to haptic and iconic sensory memory (Section 3.1.1), we use sonar 

as an electro-mechanical receptor for sensing of a MO in RoI. As discussed in Sonar 

Sensing Module, sonar sends beacons continuously in the requisite region but reacts only 

when the MO presence is detected on the basis of the RSSITHRESHOLD information to 

either commit the event for further processing or paying no heed otherwise. 

Short Term Memory(Section 3.1.1) is the second stage of human memory structure which 

holds items that are of further interest extracted from sensory memory. CRAM uses 

similar approach for short storage when SICS-based transcoded images are extracted by 

Image Compression and Storage Module.  

For the permanent storage of items, the human anatomy defines Long Term Memory 

(Section 3.1.1). Long term memory is further subdivided into Declarative (Explicit) and 

non-Declarative (Implicit) memories. The declarative memory or explicit memory refers 

to those memories which can be consciously recalled such as facts and knowledge [130]. 

Declarative memory further comprises of semantic and episodic memories [131]. 

Episodic memory is a major constituent of declarative memory that is the collection of 

previously experienced events with their incidence at particular place, time, coupled 

emotions and additional context to figuratively remember the event that took place at 

certain time and place [132]. Analogous to episodic memory in humans, CRAM uses pre-

stored topology and silhouette tables with their IDs, positions, camera orientations, 

classes, octets, views, angles and sureties. This information is recalled and utilized with 

timing information as in CADETS through image processing module (Section 5.2.2). The 

resulting surety and identified class of the extracted image of MO is disseminated for 

actuation. Concomitant to the operation in the episodic (declarative) part of the memory, 

aspect ratio of the extracted silhouette becomes the item of interest to be subsequently 

passed on to and used by non-declarative memory (implicit).  

CRAM exploits the presence of non-declarative memory in which previous experiences 

aid the performance of a task without conscious awareness of these previous experiences. 

Such implicit memory is priming memory in which the store is "primed" either through 

repetition of experiences called imitations or the most recent experience and it lets 
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humans respond very promptly [133,134]. As mentioned in the preceding discussion on 

episodic memory, CRAM simultaneously primes the non-declarative memory (priming 

memory) with the aspect ratio of extracted silhouette. When a new MO is detected, the 

aspect ratio of its silhouette is compared with the stored aspect ratio of the previous MO 

in the priming memory. In case of a match, a recognition message is disseminated to the 

sink without further activating the downstream nodes. Such is the realization of reflex arc 

that lets the first node observing MO to respond while only referring to the priming 

memory as shown in Fig. 5.12.  

Image Extraction 
Module

Rehearsed  operations in episodic 
(declarative) memory

Aspect ratio storage in 
priming (non-declarative) 

memory

Aspect ratio calculation in 
short-term memory

Aspect ratio of 
complete silhouette

Reflex arc realization in CRAM

 

 

Since at the same time, episodic memory is also in the process of computing and 

comparing aspect ratios of individual segments of the newly detected MO, the results of 

declarative (episodic) and non-declarative (priming) memories are evaluated for 

Fig. 5.12. Function of episodic memory and realization of reflex through priming memory 
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determining the margin of error. In case of discrepancy, non-declarative memory 

processing may be adjusted to yield closer results to those of declarative.  

5.4. Contributions  

In this chapter the authors have rendered the following potential contributions: 

1. A conceptualized context added model of the proposed idea has been presented 

that shows an intuitive reflex action inspiration.  

2. The memory model of the proposed architecture has been successfully mapped 

with as that of human's. The realization of the conditioned reflex action has been 

ensured through an added memory module i.e. priming memory.     
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CHAPTER 6 

 

Evaluation and Analyses 

 

6. Overview  

This chapter is bipartite. The first part of the chapter deals with the validations through 

simulations based results, whereas, the second part offers the analytical approach for the 

same purpose. Contributions, at the end, conclude the chapter.    

6.1. Simulation based Evaluation 

In this section, we evaluate the performance of CRAM with respect to context addition 

and reflex arc through prototype implementation and compare its performance with 

VISTA. It is important to note that an end to end comparison can only exist between 

VISTA and CRAM because of the common visual context cycle both of these execute. 

Table 6.1 shows the system specifications and features of the testbed. Table 6.2 outlines 

the parameters and situations under which the images were acquired.  

Simulations are carried out in NS2 in order to evaluate the performance of CRAM. NS2 

validates performance of CRAM by representing confidence (surety) of MO 

identification as a function of number of cameras, database size and distribution, MO’s 

trajectory, stored perspectives and network depth. In case of reappearance of the MO, it 

offers the learned reflexive response based on the priming memory to validate the claims. 

It has been further observed that Surety of n MO is affected by changing the values of 

parameters given in Table 6.2.  
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Table 6.1. System specifications for performance evaluation 

Features Specifications 

Matlab (version) R2012b 

Processor Intel corei5 

Memory 4Gb 

Camera Web camera Logitech Tessar 

Processor speed 1.80 GHz 

Dimension of the image 240 × 240 pixels 

MO traversal (in hops) 12 

 

Table 6.2. Parameters and situations for experiments 

Parameters Situations 

Lighting effects Sunlight, artificial light and shadow 

Object types Human, cars 

Angle Straight, side, and loaded 

Background types Uniform, non-uniform 

 

6.1.1. Reflex Performance of CRAM  

In order to analyze the context added behavior and impulse response of CRAM, a 

trajectory of 12 hops was implemented for MO. For the first appearance of MO, CRAM 

demonstrates context addition throughout the trajectory right from the second node. 

Whereas, in case of reappearance of same MO at the same node, CRAM takes the 

decision only on the basis of priming memory at the very first node illustrating an 

obvious imitation of learned reflex action. It is further observed  in the particular case of 

reappearance that CRAM takes 11 times lesser time than VISTA (Table 6.3). It is due to 

the fact that VISTA does not declare its recognition results before complete processing of 

episodic memory for all the nodes in the trajectory. 
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Table 6.3. CRAM reflex response 

Captured 

Image 

Image Elapsed Time Recognized Image 

VISTA CRAM VISTA CRAM 

Human 

standing 

 

16.87 sec 2.02 sec Human 

standing 

Human 

standing 

Car front 

view 

 

24.40 sec 

 

 

 

 

 

2.05 sec Car front 

view 

Car front view 

Car side 

view 

 

25.20 sec 

 

 

 

 

 

2.28 sec Car front 

view 

Car front view 

 

6.1.2. Accuracy of CRAM 

With the implementation of priming memory, it becomes important to be assured on the 

quality of recognition that reflex arc provides. Table 6.4 shows that for multiple iterations 

of MO recognition, CRAM gave 80% accuracy, the same as VISTA. In both cases, 1 and 

4 CRAM erred due to the presence of background objects adding noise. It may also be 

noted that CRAM performs better than VISTA in poor lighting conditions (case 9) 

because each preceding process in episodic memory adds its own image processing noise 

for the succeeding process. 
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Table 6.4. CRAM Accuracy 

Case 

No. 
MO aspect Image 

Image Recognized? 

VISTA CRAM 

1 Car front view 

 

  

2 Car front view 

 

 
 (Object identified as 

car back side view) 

3 Car left side view 

 

  

4 Car left side view 

 

 Object 

identified as car 

right side 

 Object identified as 

car right side view 

5 

Human straight 

view 

(good light 

conditions) 
 

  

6 

Human straight 

view 

(good light 

conditions) 
 

  

7 

Human straight 

view 

(good light 

conditions)  
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8 

Human straight 

view 

(bad light 

conditions)  

  

9 

Human straight 

view 

(bad light 

conditions)  

 Object 

identified as 

human loaded 

view 

 

10 

Human straight 

view 

(bad light 

conditions)  

  

 

6.2. Cram Analytical Model 

The analysis presented here develops an understanding of context aware systems with 

regards to the execution of processing and delays incorporated etc. This section analyses 

these aspects with the inclusion of context addition and reflex arc.   

6.2.1. CRAM provides sub-linear bounds on delay 

In order to verify the time sensitive and delay effective approach of CRAM we presume a 

trajectory of n nodes for a detected MO, where N = {N1, N2, ……Nn} as shown in Fig. 6.1. 

Each Node Ni contains a set Si whose elements are pieces of silhouette information 

ranging up to mi elements e.g., silhouette, aspect ratio, octets, angles, surety values etc. Ai 

is subset of Si whose elements range from 1 to ℓi. Then 

Si = {1,2,3....……mi}   ,    Ai = {1,2,3....…… ℓi }     where     Ai  Si  and  ℓi ≤  mi       

 

 

 

Nn 

Sn ={1,2, …. mn} 

. . . . . . . . . . . N1 

S1 ={1,2, …. m1} 

N2 

S2 ={1,2, …. m2} 

Fig. 6.1. Trajectory of the detected MO 



91 
 

 
 

 

Time taken at the first node:  Suppose at node N1, percentage surety level of a detected 

MO is calculated as a value V1. For the calculation of V1, the set S1 of silhouette 

information at N1 is traversed for comparison. Consider that a unit time t is consumed for 

each comparison. 

The best-case time complexity is simply t if the detected MO matches with silhouette 

information of N1 in its very first comparison. It is the realization of reflex arc for 

recurrent systems where the elements of Ai are repetitive for successive MO detections. 

The average-case time complexity is   

1

��
	���

��

���

	= 		
�� + 1

2
	�																																																																																																							(10) 

where �� is the last object of set S1. 

The worst-case time complexity of comparison is  

�	×	�1	=	

��

���

���																																																																																																																		(11) 

if the detected MO matches with silhouette information of N1 in its very last comparison. 

Time taken at the second node:  At node N2, the silhouette information and surety value 

V1 calculated by node N1 is received as a new context according to our context addition 

model. Therefore, at this stage the comparison operation does not traverse the entire 

silhouette information set S2 of node N2. Rather, through new context added from the 

previous node N1, only ℓ2 comparisons are performed in the pertinent silhouette 

information part A2, a subset of the entire set S2 at Node N2 to yield V2.  

The best-case time complexity of comparison at this stage is again simply t, if the 

detected MO matches with silhouette information of N2 in its very first comparison. 

The average-case time complexity is  



92 
 

 
 

1

ℓ�
���

ℓ�

���

= 	
ℓ� + 1

2
	�																																																																																																														(12) 

where ℓ� is the last object of set A2. 

The worst-case time complexity of comparison is  

�	×	�1 =	

ℓ�

���

ℓ�	�																																																																																																																					(13) 

if the detected MO matches with silhouette information of N2 in its very last comparison. 

Total time taken till the second node: Concluding for both nodes, the best-case time 

complexity is 2t. 

Similarly, the average-case time complexity is  

�� + 1

2
	� +

ℓ� + 1

2
	� =

�� + ℓ� + 2

2
	�																																																																													(14) 

The worst-case time complexity is    

��� + 	ℓ�	� = 	(�� + ℓ�)	�																																																																																																				(15) 

In rare cases, if the comparison operation yields incorrect result and a wrong object 

recognition message is sent to the second node, subsequent comparison to a subset Ai 

would yield a mismatch. Consequently, the second node once again has to traverse the 

entire silhouette information set S2 of node N2. 

Then the worst-case time complexity in this situation is  

� ×�1

��

���

	+ 	� ×�1

ℓ�

���

	+ 		� ×�1	=	

��

���

��� + ℓ�� + ��� = 	(�� + ℓ� + ��)�							(16) 

Time taken till nth node: Similarly for traversing n number of nodes surety level as 

∑�� ≥ ����������, the time complexity of our model can be deduced through induction as 

under: 
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Best-case time complexity is  ��  if the defined silhouette information of all Ni are 

matched in S1 and all Ai (i iterates from 2 to n) in their very first comparisons. 

Average-case time complexity is     

�� + 1

2
	� +

ℓ� + 1

2
	� + 	.		.		.		+

ℓ� + 1

2
	� = 	

1

2
��� + � + 	� �

ℓ�

��ℓ�

� �																									(17) 

Worst-case time is  

� ×�1

��

���

	+ 	� ×�1

ℓ�

���

	+ 	.		.		. + 		� ×�1

ℓ�

���

	= 	��� + (ℓ� + ℓ�+ .		.		. + 	ℓ�)�													(18) 

																																				= ��� + � �

ℓ�

��ℓ�

	�	� 

In very rare cases, if the comparison operations yield incorrect results and wrong object 

recognition messages are sent to every node, subsequent comparisons to pertaining 

subsets Ai would yield mismatches. Consequently, every node once again has to traverse 

the entire silhouette information set Si of node Ni. 

Then the worst-case time complexity in this situation will be 

� ×�1

��

���

+ 	� ×�1

ℓ�

���

+ � ×�1 + 	� ×�1

ℓ�

���

+ 	� ×�1+	.		.		.		.		.		.

��

���

																										(19)

��

���

 

.		.		. + 	� ×�1

ℓ�

���

+ 	� ×�1

��

���

			= 		��� + ���	+ 	���	+ .		.		. +���	+ 	ℓ��

+ ℓ��+ .		.		. + ℓ��										 

																															= 	(�� + ��	+ .		.		. +��)� + 	(ℓ� + ℓ�	+ .		.		. + ℓ�)� 

= �	× � �		

��

����

+ 		�	× � �		

ℓ�

��ℓ�

 

Equations 17 and 18 express the total time consumed by a context added system in 

average and worst environment respectively while equation 19 shows the time consumed 

by the system in a very rare case. However in such a situation the system will not 
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generate a valid surety value. As we shall see, it is almost the result in case of a 

contemporary context aware system under normal circumstances. 

For a contemporary context aware system in average-case circumstances the time 

complexity is 

�� + 1

2
	� +

�� + 1

2
	� + 	.		.		.		+

�� + 1

2
	� = 	

1

2
�� + 	� �

��

����

� �																																(20) 

For a contemporary context aware system in worst-case circumstances the time 

complexity is 

� ×�1

��

���

+ � ×�1

��

���

+ .		.		. + 		� ×�1

��

���

= (�� + ��+ .		.		. + 	��)= � � �

��

����

�	�		(21) 

1

2
��� + � + 	� �

ℓ�

��ℓ�

� �			<			
1

2
�� + 	� �

��

����

� �																																																														(22) 

��� + � �

ℓ�

��ℓ�

	�	�			<		� � �

��

����

�	�																																																																																				(23) 

Equation 22 depicts the comparison of equation 17 and 20.Similarly equation 23 depicts 

the comparison of equation 18 and 21. It is evident that the total time consumed by the 

context added system comprising of n nodes to track and recognize a MO is much less 

than that of a context aware system. 

6.2.2. Context Addition is recursive 

In order to assess the behavior of context addition, we consider the trajectory of MO 

through the same set N of n Nodes as discussed in previous section. Suppose that at node 

N1, the percentage surety level of the detected MO is calculated as a value V1. At node N2 

its local surety value V2 is calculated by adding to it the received surety value V1 of node 

N1. The context addition of our architecture proceeds in this recursive way. The 

recurrence equation for Vn received from n nodes is as the following: 
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�                         (24) 

6.3. Contributions  

The authors have following potential contributions in this chapter: 

1. context addition has been successfully validated through physical test bed based 

simulations.  

2. The claims have been cross verified through time expenditure based analytical 

treatment.  
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CHAPTER 7 

 

Conclusions and Future Work 

 

7.1. Conclusions 

In this Thesis, we present context aware systems that evolve into autonomic, intelligent 

processing systems through the incorporation of context addition. We have presented 

conceptual, architectural and deployment aspects of context added systems. Through 

establishing an analogy between context added systems and human anatomy of memory, 

we have proposed the incorporation of reflex arc into context aware systems. We have 

demonstrated that both context awareness and reflex arc can be embedded into visual 

context aware systems through prototype implementation. 

7.2. Future Work 

As part of our future work the recursive behavior of the CARM will be analyzed more 

specifically to calculate and compare the average performance variance of context added 

vs context aware systems and a possible trade-off between latency, precision and 

autonomicity. Finally, the authors are quite optimistic to study and analyze the self 

learning and reflex response features of the proposed model in the domain of Internet Of 

Things to contribute towards the initiative of Intelligent Civilization.   

 

 

 

 

 


