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1.1 INTRODUCTION 

 

  Vehicular    Every time environment 

of underwater may vary gradually even 

when the occurrence of events is detected. 

Sensory data may follow a certain trend and 

are predictable during certain time durations. 

Taking these in to consideration, a simple 

but practical data prediction mechanism is 

adopted for estimating sensory data and the 

geographical location of sensor nodes at sink 

nodes, and these data are synchronized with 

those sensed by underwater sensor nodes 

only when their variation is beyond a pre-

specified threshold. Leveraging these 

predicted data, the coverage and sources of 

potential events are identified by the sink 

node, and the evolution of these events is 

determined accordingly. The applicability 

and energy efficiency of this approach, 

especially when the variation of network 

environments follows certain and simple 

patterns 

         To promote the investigation of 

underwater environments, sensor nodes can 

be deployed at the deep sea nowadays, and 

underwater Wireless Sensor Networks 

(WSNs) has emerged as an effective and 

promising alternative to support the 

underwater exploration. Generally, 

underwater sensor nodes sense and record 

current (and historical) sensory data about 

certain underwater properties. Since sensor 

nodes are usually deployed in the deep sea 

and typically powered by batteries, they can 

hardly be recharged or are not worthy to be 

replaced. In this setting, energy-harvesting 

techniques are pressing and energy 

efficiency is of core importance for 

supporting underwater applications. Unlike 

terrestrial WSNs where the location of 

sensor nodes can be determined through a 

global positioning system for supporting 

various domain applications, underwater 

sensor nodes can usually be localized 

through limited communication with anchor 

or reference nodes , and sensory data are 

gathered and routed to sink node(s) in a pro- 

orre-active fashion. Underwater 

applications, like pollution monitoring and 

fish or micro-organism tracking, depend on 

the monitoring of underwater environments, 

and they are supported currently by existing 

platforms and infrastructure. Based on 

sensory data gathered at a certain time-slot, 

the occurrence of a certain phenomenon 

(called an event) is detected with respect to 
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certain criteria, and an appropriate response 

can be enacted accordingly. The majority of 

sensor nodes may not need to route their 

sensory data to sink node(s) at most time 

durations, when these sensory data reflect 

the situation of healthy. In this setting, 

effective and energy-efficient techniques for 

the routing of sensory data, and the 

determination of potential event coverage 

and sources, are fundamental. 

    

1.2 OBJECTIVE 

Primary Objective 

 The main objective is Event 

Coverage and Sources. 

 Ensuring Energy Efficiency and 

Linear Data Prediction. 

Secondary Objective 

 To improve the latency of packet 

delivery. 

 To reduce the loss of packet 

delivery. 

1.3 Goal: 

Technique for the determination of event 

coverage and sources is given. Specifically, 

sensory data, and the geographical location 

of sensor nodes are predicted at SN through 

a simple but practical prediction model 

SYSTEM ANALYSIS 

2.1 EXISTING SYSTEM: 

 Current techniques have been 

proposed to explore the detection of 

possible events and the 

determination of even coverage in 

underwater. 

 An observation is that an event may 

correspond to the deviation of 

sensory data of several neighbouring 

sensor nodes from the normal 

sensing range. 

 However, that for a single sensor 

node may be highly possible 

reflecting an error or exception on 

device. 

 Only when neighbouring sensor 

nodes detect the occurrence of 

possible events in a collective 

fashion, sensory data of these sensor 

nodes are gathered and routed to SN 

for the detection of the event 

coverage. 

 The impact of sensor nodes mobility 

is considered as a factor for the 

adjustment of sensor node locations. 

2.2. PROPOSED SYSTEM: 

 This strategy prevents the 

unnecessary routing of sensory data 

that may not be beneficial for the 

event detection, and hence, decreases 

the energy consumption and 

increases the network capacity.  

 Leveraging sensory data about 

sensor nodes that constitutes the 

coverage of events, the sources of 

events are determined, which 

correspond to the barycenters of the 

graph for event sensor nodes. 
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 Proposed an approach to address the 

challenges including the sparseness 

and continuous mobility of sensor 

nodes in underwater environments, 

event locations are determined 

leveraging the visualization of sensor 

nodes.  

 Generally, potential events may 

occur at a certain time slot, and these 

events may highly possible be 

distributed sparsely and unevenly in 

a relatively large network region. 

 To minimize the cost, the concept of 

virtual sensor nodes is brought, 

where a virtual sensor node 

represents the point of aggregation 

for one or several physical sensor 

nodes that may locate at a certain 

geographical location. Concretely, 

the network region is divided into 

several clusters, and the head node of 

each cluster is the candidate to be the 

virtual sensor node. 

SOFTWARE DESCRIPTION 

3.1 SIMULATION PARAMETERS 

 The proposed scheme and other 

related schemes are simulated Extensive 

simulations have been conducted using the 

simulator Net Topo 1. The sink node is 

initially located at the centre of surface with 

the geographical coordinate of (0.5, 1, 0) 

km, where the z-coordinate corresponds to 

the depth of SN(or UV). Besides, 60 sensor 

nodes are randomly deployed in the 

underwater volume with different depths 

ranging from 0.01 to 0.5 km.  

 

3.2 SIMULATION ENVIRONMENTS 

 We have three different network 

simulation scenarios. In each scenario, we 

have three authentication and key agreement 

messages.. 

Scenario 1 .It consists transmitting a 

sensory data, or control packet is set to 

the values according to those at CARP 

Scenario 2. It consists of Denser Nodes. 

Scenario 3. It consists of 

veCHj/LEj/aVehs and 95 Vi/dVehs. 

The messages exchanged between the nodes 

and their communication costs in bits for 

various schemes provided in are used in the 

simulation study. 

PROJECT DESCRIPTION 

4.1 NETWORK MODEL 

 Without loss of generality, a surface 

sonobuoy accompanying radio and acoustic 

transceivers, which serves as the sink node 

(denoted SN) of underwater WSNs, is 

deployed on the water surface? As 

illustrated by Fig. 1, SN is accompanied 

with a global positioning system for the 

determination of its geographical location. A 

set of sensor nodes (denoted U V ) are 

deployed in a three-dimensional Euclidean 

underwater space, to conduct collaborative 

monitoring tasks. Sensor nodes are initially 

deployed in a hierarchical fashion in a 

region of interest  
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   Fig 1. Network Model 

4.2 DBP Data Prediction 

 As argued in [11], due to (i) the 

resource-scarcity, and the hardness for 

the power recharge and replacement of 

underwater sensor nodes, a simple and 

light derivative-based prediction (DBP) 

method is more applicable for sup-

porting real-world applications than other 

more accurate, but computationally 

heavy, approaches. Specifically, given 

learning window that contains m data 

points (referring to sensory data), the 

starting and ending l data points are set as 

edge points, where m should be (much) 

larger than2 × l). The notation dst (or 

ded) is used to represent the value on 

average for the starting (or ending) l data 

points The slope δ, which corresponds to 

the derivative, of these m data points, is 

computed as follows Generally, δ reflects 

an increment of sensory data with respect 

to the value at the preceding time slots. 

Given sensory data of a certain sensor 

node at the time slot t(denoted dp(t)) 

serving as the initial data point, sensory 

data at the following time slot (t + k) 

(denoted dp(t + k)) can be predicted 

through the following formula . This 

simple, but efficient, data prediction 

mechanism is adopted for the prediction 

of sensory data, and for the prediction of 

the geographical location of sensor nodes, 

at sensor nodes and SN simultaneously, 

in order to reduce the traffic and energy 

consumption of the whole network. 

PERFORMANCE EVALUATION 

 

5.1 EVOLUTION OF EVENT SENSOR 

NODES  

      The presents the energy consumption of 

our technique, where sensory data vary 

following D1 or D2, the geographical 

location of sensor nodes varies following 

L1, L2, or L3 respectively, and the skewness 

degree is set to S1, S2, S3, and S4, 

respectively. The energy consumption for 

D2 as shown in Fig. 2-b is much higher than 

that for D1 as shown in Fig. 2-a. This is due 

to the fact the variation of sensory data at 

D2 follows a more random fashion, and 

hence, may be hardly predictable. This 

causes more frequency about the 

synchronization of sensory data and the 

geographical location for sensor nodes and 

SN, which results in a more number of 

sensory data packets to be forwarded in the 

network. This suggests that our technique is 

more energy efficient, especially when the 

variation of sensory data and the 

geographical location of sensor nodes can 

follow certain and simple patterns. using the 
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random oracle model to prove the security 

of our scheme, whereas other two existing 

schemes do not have the formal security 

analysis.  

5.2 COMPARISON OF CARP WITH 

PREDICTIO MECHANISM 

        This section presents the comparison 

for our technique (denoted PDP) with 

respect to in-network event detection 

strategy (denoted SDA) [10]. As discussed 

in Section II, SDA gathers and routes 

sensory data of sensor nodes to SN, only 

when these sensory data are highly possible 

to reflect the occurrence of events, whereas 

the prediction of sensory data, and the 

geographical location, of sensor nodes is not 

adopted. Computational time for an 

encryption/decryption using public key 

cryptographic technique (such as RSA 

algorithm) and a cryptographic one-way 

hash function, respectively. Since the 

computation time taken by a bitwise XOR 

operation is negligible, we have neglected it 

from the performance evaluation. The 

existing experimental values of the various 

operations provided in and are considered 

for TE =TD and TH, which are 0:0192s and 

0:00032s, respectively. Note that it is 

assumed that TE =TD is equal to the time 

taken for a modular exponentiation 

operation, and therefore, it is taken as 

0:0192s. 

  SYSTEM TESTING 

Testing is a process of executing a program 

with the intent of finding an error. Testing is 

a crucial element of software quality 

assurance and presents ultimate review of 

specification, design and coding. 

 System Testing is an important phase. 

Testing represents an interesting anomaly for 

the software.  Thus a series of testing are 

performed for the proposed system before the 

system is ready for user acceptance testing. A 

good test case is one that has a high 

probability of finding an as undiscovered 

error. A successful test is one that uncovers 

an as undiscovered error. 

Testing Objectives: 

1. Testing is a process of executing a 

program with the intent of finding an error  

2. A good test case is one that has a 

probability of finding an as yet undiscovered 

error. 

3. A successful test is one that 

uncovers an undiscovered error 

CONCLUSION AND FUTURE WORKS  

 

6.1 CONCLUSION 

 In this project, an energy-efficient 

technique for the determination of event 

coverage and sources is done. Specifically, 

sensory data, and the geographical location, 

of sensor nodes are predicted at SN through 

a simple but practical prediction model. 

They are synchronized with those at sensor 

nodes, only when the bias between actual 

and predicted values is beyond a pre-

specified threshold. Leveraging predicted 

sensory data and the geographical location 
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of sensor nodes, potential events are 

detected and their sources are determined. 

The applicability and energy-efficiency of 

the proposed technique, especially when the 

variation of network environments follows 

certain and simple patterns. 

 

6.2 Future Work 

 

 Design and Develop a user Requests. 

 Develop different modules for Users 

and Admin. 

 Testing and Debugging. 

 After fixing the bugs, the app moves 

to the deployment phase and is ready 

for release via a formal launch. 
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