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Abstract— In Sensor Networks, Network Utility Maximization (NUM) problems rectified by using static-routing 

Rechargeable Sensor Networks (RSNs) with the link and battery capacity constraints. The NUM problems are very 

challenging as these two constraints are typically coupling in RSNs, which cannot be directly tackled. Existing works either 

do not fully consider the two coupled constraints together, or heuristically remove the temporally-coupled part, both of which 

are not practical, and will also degrade the network performance. The proposed system is attempted to jointly optimize the 

sampling rate and battery level by carefully tackling the Spatial temporally-coupled link and battery capacity constraints. 

The above mentioned problem, decouple the original problem equivalently into separable sub-problems by means of dual 

decomposition. Then, by implementing distributed algorithm in the context of joint rate and battery control, called Decouple 

Spatial temporally. The Coupled Constraint (DSCC), which can converge to the globally optimal solution. Numerical results, 

based on the real solar data, demonstrate that the proposed algorithm always achieves higher network utility than existing 

approaches. In addition, the impact of link/battery capacity and initial battery level on the network utility is further 

investigated. 
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I. INTRODUCTION 

With the explosive development of microelectronics and wireless communications in recent years, wireless sensor networks 

(WSNs) have been widely used in a broad range of applications. Although sensor nodes are low cost, small-sized and easily-

deployed, they are powered by energy-restricted batteries and replacing batteries is infeasible due to the large quantity of nodes. 

Hence, one critical challenge in WSNs is how to prolong the network lifetime. Recent years have witnessed the emergence of 

energy harvesting technology to address such an issue — the network lifetime can be potentially extended by harvesting energy 

from the environment. The energy harvesting technology opens up a new research area referred to as rechargeable sensor 

networks (RSNs). In general, an RSN is comprised of a number of source nodes that can harvest energy from the environment. 

Each source samples data and reports them, through some nodes (relays) to the sink. If each source transmits data through fixed 

relays to the sink, the RSN is referred to as a static routing RSN. This paper is concerned with the network utility maximization 

(NUM) problem in static-routing RSNs. There exist two folds of constraints on each source. One is the link capacity constraint, 

i.e., the flow over one link should not exceed the link capacity to avoid link congestion. The other is the battery capacity 

constraint, i.e., the energy consumption rate should be neither too large nor too small to avoid depletion or overcharge of the 

rechargeable battery. 

Taking limited battery capacity into account, two problems emerge: 

 The source depletes the battery and stops working (aggressive case) 

 It does not use much energy such that the battery level reaches maximum and misses recharging opportunities (conservative 

case). 

Obviously, both cases will limit the potential to improve the network utility. The NUM problem is challenging as the 

link and battery capacity constraints are typically coupling in RSNs, which cannot be directly tackled. Specifically, in the link 

capacity constraint, one source’s sampling rate is coupled with that of its ancestors. Moreover, because the energy consumption 

rate is constrained by the energy harvesting rate and current battery level to avoid depletion or overcharge of battery, one 

source’s sampling rate is also coupled across the time horizon. Therefore, the NUM problem in static-routing RSNs has the 

spatiotemporally-coupled constraints, which, to the best of our knowledge, have not been thoroughly investigated. 

Then we propose a distributed algorithm in the context of joint rate and battery control, which can converge to the 

globally optimal solution. The main contributions are summarized as follows: 

1) Both the link and battery capacity constraints are considered to formulate the NUM problem in static-routing RSNs as a 

spatiotemporally-coupled optimization problem. 

2) By carefully tackling the spatiotemporally-coupled constraints through primal-dual approach with strong duality and 

convergence guarantee, we jointly optimize the sampling rate and battery level, and then propose a distributed algorithm 

to obtain the globally optimal solution. 

3) Numerical results, based on the real solar data, demonstrate that the proposed algorithm always achieves higher network 

utility than existing approaches. In addition, the impact of link/battery capacity and initial battery level on the network 

utility is further investigated. 
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II. EXISTING SYSTEM 

Wireless Rechargeable Sensor Networks (WRSNs) have been proposed as Existing Solution which is studied extensively over 

the last few years. In a typical WRSN, batteries in sensor nodes can be replenished by a mobile charger that periodically travels 

along a certain trajectory in the sensing area. To maximize the charged energy in sensor nodes, one fundamental question is 

how to control the traveling velocity of the charger. The new IP based standard developed by the IEEE 802.11 is likely to 

accelerate adoption of the technology. It will expand the possibility of operating in licensed and unlicensed frequency bands, 

unique performance under Non-Line-of-Sight conditions and Quality of Service awareness. First identify the optimal velocity 

control as a key design objective of mobile wireless charging in WRSNs. The optimal charger velocity control problem on 

arbitrarily-shaped irregular trajectories in a 2D space. The problem is proved to be NP-hard, and hence a heuristic solution with 

a provable upper bound is developed using novel spatial and temporal discretization. The optimal velocity control for moving 

the charger along a linear (1D) trajectory commonly seen in many WSN applications. 

Extensive simulations show that the Network lifetime can be extended by 2.5× with the proposed velocity control 

mechanisms. The transmit and receive coils are tightly coupled when (a) the coils have the same size, and (b) the distance 

between the coils is much less than the diameter of the coils. Though bringing less loss, a higher coupling factor trades-off 

higher power transfer efficiency at the cost of smaller distance and limited flexibility. From the beginning of inductive power 

transmission, resonant circuits have been used to enhance the efficiency of power transmission. For example, Nikola Tesla used 

resonance techniques in his first experiments with inductive power transmission in 1891. However, as resonance cannot be 

achieved simultaneously at two tightly coupled coils, either tightly coupled coils or the resonant coupling technique is adopted 

by current WPT manufacturers. 

A. RF Frequency Energy Ranges 

In addition to inductive power transfer, radio frequency (RF) energy is another form best suited to energy transfer. RF energy 

is currently broadcasted from billions of radio transmitters around the world, including mobile telephones, handheld radios, 

RFID readers, mobile base stations, and television/radio broadcast stations. Battery-based systems can be trickled charged to 

eliminate battery replacement or extend the operating life of systems using disposable batteries. Battery-free devices can also 

be designed to operate on demand or when sufficient charge is accumulated. 

Using both theoretical analysis and extensive simulations, the advantages of the proposed velocity control.. After 

proving the NP-hardness of the problem, propose a heuristic solution with a provable upper bound using novel spatial and 

temporal discretization. 

B. System Model 

The network under consideration consists of N rechargeable sensor nodes deployed in a 2D area with each node its position pi 

known. The unidirectional wireless charging model in which the wireless charging power at different nodes is dictated by two 

factors: 1) the distance between nodes and the charger, 2) the transmission power of the charger. 

C. Single node 

The same bound for both acceleration and deceleration. But our algorithm can be extended to more realistic cases where bounds 

of acceleration and deceleration are different. 

D. Number of Nodes 

The network lifetime depends on the minimum charged energy among all nodes and the charger has limited time to fully charge 

all nodes in the network. Thus, there is more room for the velocity control algorithm with fewer nodes, allowing for more 

efficient charging of nodes. When the number of nodes increases, given the acceleration constraint and the patrolling cycle 

requirement, the charger needs to balance the charged energy among all nodes at different positions in order to maximize the 

network lifetime, thus degrading network lifetime. 

E. Heterogeneous Energy Depletion Rate 

Heterogeneous energy depletion rate and examine its impact on charging performance. Since the power consumption pattern 

of nodes is influenced by a great many factors (e.g., applications, network topology, sensing/routing etc.) 

F. Disadvantages 

 Using transmission power is high. 

 Controlling a mobile charger’s velocity is minimum 

 Optimal movement strategy of the charger, such that the time to charge all node’s onboard energy storages above a 

threshold is maximized. 

 The amount of energy charged in nodes is dictated by 

1) The distance between sensor nodes and the charger, 

2) The duration of charging each node. 

 A higher coupling factor trades-off higher power transfer efficiency the cost of smaller distance and limited flexibility. 
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III. PROPOSED SYSTEM 

The velocity control of the mobile chargers travelling the 2D Trajectories is optimized using the spatial Temporal Dynamic 

Routing (STDR) Technique to Rechargeable Wireless Sensor Network. In this protocol, heuristic conditions allowed to 

optimize the sampling rate and battery level by carefully tackling the spatiotemporally coupled link and battery capacity 

constraints of the wireless sensor nodes. The Wireless Nodes utilities the dynamic node monitoring models has to gather the 

data about energy of the each node as well data sampling rate, Node failure and link failure etc. Each node exhibits different 

performance the movement of the mobile charger depends on the several criteria; hence utilize joint heuristic solution to handle 

to charging movement of the mobile charges based on the requirement. System demonstrates that the proposed algorithm always 

achieves higher network utility than existing approaches. In addition, the impact of link/battery capacity and initial battery level 

on the network utility is further investigated. 

The NUM problem is challenging as the link and battery capacity constraints are typically coupling in RSNs, which 

cannot be directly tackled. Specifically, in the link capacity constraint, one source’s sampling rate is coupled with that of its 

ancestors. In the battery capacity constraint, to calculate the energy consumption rate, one source’s sampling rate is also coupled 

with that of its ancestors. The reason is that one source needs to relay the sampling rates of its ancestors. Moreover, because 

the energy consumption rate is constrained by the energy harvesting rate and current battery level to avoid depletion or 

overcharge of battery, one source’s sampling rate is also coupled across the time horizon. Therefore, the NUM problem in 

static-routing RSNs has the spatiotemporally-coupled constraints which, to the best of our knowledge, have not been thoroughly 

investigated. 

A. Rechargeable Sensor Network 

In general, an RSN is comprised of a number of source nodes that can harvest energy from the environment. Each source 

samples data and reports them, through some nodes (relays) to the sink. If each source transmits data through fixed relays to 

the sink, the RSN is referred to as a static routings. This paper is concerned with the network utility maximization (NUM) 

problem in static-routing RSNs. There exist two folds of constraints on each source. One is the link capacity constraint i.e., the 

flow over one link should not exceed the link capacity to avoid link congestion. The other is the battery capacity constraint, i.e., 

the energy consumption rate should be neither too large nor too small to avoid depletion or overcharge of the rechargeable 

battery1. Taking limited battery capacity into account, two problems emerge: 

 The source depletes the battery and s 

 Tops working (aggressive case) 

 It does not use much energy such that the battery level reaches maximum and misses recharging opportunities (conservative 

case). 

B. Distribution Algorithm 

The distributed algorithm in the context of joint rate and battery control, which can converge to the globally optimal solution. 

The main contributions are summarized as follows: 

 Both the link and battery capacity constraints are considered to formulate the NUM problem in static-routing RSNs as a 

spatiotemporally-coupled optimization problem. 

 By carefully tackling the spatiotemporally-coupled constraints through primal-dual approach with strong duality and 

convergence guarantee, jointly optimize the sampling rate and battery level, and then propose a distributed algorithm to 

obtain the globally optimal solution. 

 Numerical results, based on the real solar data, demonstrate that the proposed algorithm always achieves higher network 

utility than existing approaches. In addition, the impact of link/battery capacity and initial battery level on the network 

utility is further investigated. 

C. Battery Capacity and Initial Battery Level Impact 

Evaluate the impact of battery capacity on the network utility. Quick Fix can be viewed as the algorithm with zero battery 

capacity, because its energy constraint is that the energy consumption rate does not exceed the energy harvesting rate. Without 

consideration of battery, such constraints are not coupling across the time horizon, making the problem easier to solve. However, 

since the excessive harvested energy is not considered to be stored in the battery for later usage, there is no flexibility to allocate 

the sampling rate evenly among sources and time horizon, and thus the network utility is low. On the contrary, DSCC-un is the 

algorithm with unlimited battery capacity, so it has the maximum flexibility to flatten the curves of source rate as much as 

possible, and hence the network utility is high. Finally, DSCC, with limited battery capacity, is the algorithm between these 

two. 

D. Optimality and Scalability 

The DSCC algorithm to solve the problem (8) in a distributed fashion. As a nonlinear problem (NLP), it could be centrally 

solved through an NLP solver. The battery capacity of each source is fixed at 2500 J, while their initial battery level varies from 

zero to full. The battery capacity of each source is fixed at 2500 J and their initial battery level is zero, while each link’s capacity 

varies from 1 to 6 kbps. 
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E. Advantages 

 The first attempt to identify the velocity control of a mobile charger for the time-bounded charging scenario with a fixed 

trajectory in WRSNs. 

 Mobilizing the charger and scheduling sensor nodes for efficient charging distribution and optimal event capture. 

 Broadband access is too expensive and Sensor coverage is very sparse. 

 Non-Line of sight- Uses a lower frequency range. 

 Line of sight- Uses a higher frequency range. 

 A special encryption code is given to computer to gain access to base station. 

IV. WORK DONE IN PHASE 1 

As an initial step, to contract the issue degree to a reasonable single node charging situation and that point stretch out it to the 

different node situation. Also consider common utilization of straight line moving directions in numerous applications. The 

proposed system is to speed control instrument for direct direction. 

V. WORK TO BE DONE IN PHASE II 

In this phase first it involves to finding the discharging of network nodes based on their positions with their segments in a 

specified region. Based on the data transformation the battery levels of node are identified. Then the discharging nodes using 

mobile charger it will be recharged. At the result the volume of the data and the requirements of the nodes (low level batteries) 

are concentrated and those nodes are charged and the details are maintained in the database. 

VI. SYSTEM ARCHITECTURE DESIGN 

 
Fig. 1: Block diagram for rechargeable sensor network 

The nodes are represented as sensor nodes. While performing some action in sensor nodes the battery level will be reduced. To 

increase the battery level wireless rechargeable sensor network is used. The nodes can be placed at anywhere. 

A. System implementation 

The Wireless Nodes utilities the dynamic node monitoring models has to gather the data about energy of the each node as well 

data sampling rate, Node failure and link failure etc. Each node exhibits different performance the movement of the mobile 

charger depends on the several criteria; hence utilize joint heuristic solution to handle to charging movement of the mobile 

charges based on the requirement. System demonstrates that the proposed algorithm always achieves higher network utility 

than existing approaches. In addition, the impact of link/battery capacity and initial battery level on the network utility is further 

investigated. The NUM problem is challenging as the link and battery capacity constraints are typically coupling in RSNs, 

which cannot be directly tackled. Specifically, in the link capacity constraint, one source’s sampling rate is coupled with that 

of its ancestors. 

VII. MODULE DESCRIPTION 

 Wireless Rechargeable Sensor Network Model. 

 Wireless Mobile Charger Model. 

 Energy Charging Based on Optimal Velocity Control. 

 Performance Evaluation. 

A. Wireless Rechargeable Sensor Network Model 

The model N Sensor node which is battery based system and deploy it in the sensing area which is 2 dimensional in space. It is 

employed to monitor the specified environment. Model is bidirectional in order to enable controlling of senor. Localization 

method is employed to measure the position of the node in the sensing region which is stored in the routing table. Each Node 

is enabled with provision of charging its battery in order to avoid network congestion and in order to avoid the energy deficiency. 

Base Station of sensor node utilizes the charging technology to replenish the energy. 
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B. Wireless Mobile Charger Model 

Mobile charger is cost-efficient and flexible in dealing with network topology changes. Mobile charging scenario, the charger 

is mounted on a vehicle or a robot which may change its velocity Moreover, the mobile charger can be combined with the 

mobile base station to help alleviate network congestion and avoid energy hot spots during data collection. In most mobile 

charging scenarios, the movement of the charger is time and space-constrained. Travelling time of the Charge is measured using 

parameter named as patrolling cycle. The optimal velocity is determined in order to increase the lifetime of sensor network by 

controlling the charging velocity of the mobile charger to the sensing nodes. 

C. Performance Evaluation 

The Proposed technique is computed against the performance using the following parameters 

 Network Throughput 

 Delivery rate 

 Sensing Time or Quality 

 Network or node lifetime 

VIII. RESULTS AND DISCUSSIONS 

Mobilizing the charger and scheduling sensor nodes for efficient charging distribution and optimal event capture. The challenge 

lies in that the battery capacity constraint is spatiotemporally coupling, which cannot be directly tackled. We attempt to jointly 

optimize the sampling rate and battery level by carefully tackling the spatial temporally coupled link and battery capacity 

constraints. 

IX. CONCLUSION AND FUTURE WORK 

The optimal velocity control scheme to wireless Rechargeable Sensor Network on arbitrarily-shaped irregular trajectories in a 

2D space. The velocity of the mobile charger is controlled using the Spatial and Temporal Discretization methods. The 

Simulation results of proposed system demonstrate that the proposed algorithm always achieves higher network utility than 

existing approaches. 

In addition, the impact of link/battery capacity and initial battery level on the network utility is further investigated. 

For our future work, the NUM problem in dynamic-routing RSNs with the link and battery capacity constraints will be 

considered. In this context, flow rates will be the additional variables in the problem formulation to determine the optimal 

routing. Thus, the sampling rate, battery level, and routing strategy need to be jointly optimized. However, since the energy 

consumption rate for data transmitting will be dependent on the routing design and no longer fixed as in the static-routing case, 

the problem would become more complicated to solve. 
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