Energy Balance in Wireless Networks

Using Connection Segmentation and Range Control

Nitin Kumar Singh, Rahul Simha, Bhagi Narahari

Abstract—In a wireless network some nodes incur a disproportionate share of the packet forwarding burden than others: nodes lying toward the center tend to lie on more paths and therefore expend more energy in forwarding packets than other nodes, resulting in a shorter lifetime. While routes can be selected to alleviate this problem, we explore an entirely different and complementary approach by exploiting a wireless node’s capability to adjust its transmission power. Each connection is partitioned into two segments, each of which either uses the regular network or direct transmission between the source and the destination. The relative durations of each segment are optimized to balance energy consumption across the network. This paper formulates an energy balance optimization problem in terms of the segmentation time, and an algorithm presented that reduces variance in energy consumption at the cost of a modest increase in average energy consumption. Algorithms are also presented for online and distributed solution of the optimization problem.

I. INTRODUCTION

The general problem of addressing energy consumption in wireless ad hoc networks has received significant attention in recent years. Past research efforts include adapting the MAC layer [26], [31], network layer [30], [33], [34] and topology design [32], [25]. Among the many energy-related problems is the problem of fairness in energy consumption: because some nodes forward more packets than others, they are unfairly penalized for their important role in network operation. While route selection to balance energy [13], [31] is one approach that has been considered, route selection may be limited in some topologies (such as a star network). We consider a new, complementary approach that may be especially suited to wireless sensor networks in which long node lifetimes are an important requirement.

We take a market-driven approach to the problem of fairness in energy consumption by treating the forwarding function as a “public good” (in microeconomic terminology) to be shared by network nodes. We formulate optimization problems with two objective functions: minimizing the residual energy variance and maximizing the minimum residual node energy. Both of these objective functions are related to the lifetime of a network, since a node whose battery expires could cause network disconnection; to compound the impact, the node that expires first is likely to be the one carrying the most connections. We propose algorithms to solve the optimization problems that reduce variance (and therefore improve fairness) and increase minimum residual energy (and therefore lifetime) but at the cost of increasing the average energy. Our results show that substantial

Department of Computer Science, The George Washington University, Washington, DC 20052. Email: {nksingh, simha, nara-

hari}@seas.gwu.edu

reductions in the objective function values are possible while incurring only a modest increase in average energy.

Our approach to controlling the balance of energy can be explained as follows. Intuitively, for the purpose of fairness, we would like long-duration connections and long-path connections to restrict their imposition of forwarding responsibilities on intermediate nodes. Similarly, we would like nodes that are geographically close to each other to communicate directly even if the routing algorithm prescribes a route through other nodes. Our prescription is intuitively simple: each connection partitioned into segments, whereby for some part of the connection’s duration packets will be sent via the regular network route (incurring forwarding costs), and for the remainder, packets will be sent by direct transmission. To quantify this notion, we associate a real-valued control parameter with each connection i of duration t_i a parameter x_i < t_i. Direct transmission is used for a duration of length x_i whereas the network is used for the remainder t_i −x_i. Note that a less drastic (but less effective) approach in which direct transmission is used to route around a connection’s hotspot for a duration x_i; we have addressed this issue in the full paper [29]. A key goal of this paper is to formulate a useful optimization problem involving the control variables x_i.

The partitioning of connections naturally invites questions about its practicality. One approach to partitioning is the following three-stage approach: a source node first uses direct transmission to achieve connection set-up; then packets are sent through the network in the second stage of duration t_i − x_i; finally, connection tear-down uses direct transmission again. The period immediately following the connection set up stage also uses direct transmission for a long enough period so that the overall duration of direct transmission is x_i. We refer to these three stages as segments, with analogy to the now-forgotten segmentation strategy for programs that once did not fit into main memory. This is not the only way to partition connections: other ways may prove more suitable. It is easy to see that the transfer of a large image or video clip can easily be divided into the three-stage approach. Clearly, for network applications with very small data requirements, such an approach might not be suitable. We anticipate that connection segmentation will also be useful in security: two nodes can execute a key exchange without involving intermediate nodes in the first stage of the connection.

Is there likely to be significant energy imbalance in most networks? A simple simulation result answers this question in the affirmative. We generated random topologies with an all-to-all communication pattern for each random topology, and estimated the “forwarding burden” on each node in the following way: the forwarding burden of a node is the number of con-

Fig. 1. Star Topology

nections that pass through the node. Thus, it is of interest to know the variance of this quantity for random topologies. We have observed that the coefficient of variation grows with network size. For particular network structures such as the star topology of Figure 1, the coefficient of variation can increase at the rate of O(n) (where n is the number of nodes). Now consider the fact that the exponential distribution has a coefficient of variation equal to unity. Thus, in an absolute statistical sense, there is likely to be significant variation in energy consumption without mechanisms to enforce balance. This type of energy distribution has been observed by others as well [31].

Will direct transmission incur a significant increase in average energy even if the variance is reduced? Indeed, because signal power dissipates non-linearly (power loss is proportional to d^α, where d is the transmission distance and α is typically between 2 and 4), a straight-line path with multiple hops often uses less power than a direct transmission. Thus, there is some concern that enforcing fairness will raise the overall average energy beyond acceptability. For some networks, this may be indeed true; however, for randomly generated networks, our results show that average residual energy might increase only modestly while producing a considerable amount of decrease in variance and maximum energy consumed by a node. This is because the duration of the direct transmission segment is adjustable and therefore the optimization algorithms can select low values for long-distance connections. Furthermore, it is possible to define the problem so that the increase in average energy is constrained.

Finally, the possibility of changing transmission power during the connection suggests a violation of the sacred layering principle. The use of connection segmentation will call for changes to the protocol stack. We argue that such changes are perhaps justified in wireless sensor networks. Nodes in such a network are small enough to warrant a monolithic, compressed stack with a single layer.

The remainder of this paper is organized as follows. Section II presents an overview of related work. Section III contains our problem formulation while Section IV presents our offline solution, Section V presents the online variation of the solution, Section VI presents the distributed approach to solve the problem. Simulation results are given in Section VII before concluding with Section IX.

II. RELATED WORK Ad hoc networks have been a subject of much recent research. For example, several routing protocols and their analysis are presented in [1], [3], [2], [5], [4], [20], [8], [6]. Past research efforts have also studied various aspects of the energy consumption problem in wireless networks. In [14], [16] energy consumption for a wireless node has been studied. A power consumption model for adhoc networks has been proposed in [12]. The bulk of research in the area has focused on selecting routes that promote energy efficiency. Note that our work is complementary: when the network path is used instead of direct connection, energy efficient routes can be used that are computed using the above techniques. Many researchers have addressed the energy minimization problem at the routing layer level. In their seminal paper [30], Singh et.al describe power aware metrics which can be used in place of traditional metrics to compute routes in adhoc networks. Some approaches have been described in [11] and [9] that minimize the total power consumed on a path from source to destination and maximize lifetime or minimal residual power for a node in the network. An example of such networks are sensor networks with nodes having very limited resources and battery power [23].

Studies have shown that a lot of energy consumed by a wireless node is when it is idle because it has to process every received signal to detect an incoming packet. To alleviate this problem several sleep-wakeup mechanisms have been suggested. For example at MAC-layer these mechanisms are implemented in IEEE 802.11 [26] and PAMAS[31] . Some protocols suggested in [34], [36], [33], [19] reduce the energy consumption in the network by allowing only some of the nodes to be active at a time while other nodes remain in sleep mode. To distribute energy consumption the nodes take turns in remaining active. Another way of distributing energy has been suggested in [13] where the traffic is routed so that nodes spend energy in proportion to their residual energy. In [28] an approach is presented where nodes are awakened only when they are needed using a separate low duty channel. Some other methods for reducing energy consumption and maximizing lifetime of a node have also been studied. In [10] the use of power-aware applications has been suggested to reduce power consumption. In [7] optimal strategies for battery discharge have been presented to increase node lifetime. There are efforts to design complete power efficient protocol stacks[17].

In our paper we present an approach that exploits a wireless node’s ability to control transmission power and hence control the transmission range. Range control has been a subject of research in the past. The use of output power control has been suggested in [35] for efficient frequency reuse. In [37] a power control loop for adhoc networks has been suggested. In [24] the objective is to maintain connectivity in a graph so that the maximum power level assigned to any node in the network is minimized. In [32] a distributed algorithm is proposed that ensures connectivity while reducing power consumption and interference at each node, and also ensuring power efficient paths between any two nodes. In [25] a distributed algorithm is described where all traffic is directed towards a master site to achieve a minimum power topology and ensure strong connectivity. In [27] the same range control approach has been taken to reduce energy consumption for multicasting in adhoc networks.

As mentioned earlier, we take a radically different, although complementary, approach to the problem of energy balance and network lifetime: we explore the possibility of segmenting connections as a way of creating yet another control option in attacking the general problem of energy conservation in wireless sensor networks.

III. PROBLEM FORMULATION We begin with a static offline formulation of the problem and later address the more practical online version and distribution implementation. Our network assumptions are not any different from those in past works on wireless ad hoc networks. We are given a set of wireless-capable nodes V and a set of connections J where each pair (s_j , d_j ) ∈ J specifies a source s_j ∈ V and destination d_j ∈ V . A connection j is assumed to last t_j units of time. We will assume that some routing algorithm specifies the route used for each source-destination pair. For our simulations, we use the approach of finding the minimum common power-level required for network connectivity [18] and then computing the shortest path for each source-destination pair on the induced graph.

Let the initial energy of all the nodes be same and is denoted by E_{init}. Let the energy spent by a node i ∈ V on a connection j be denoted by (E_{ij} ) Then, the total energy spent by node i is

E_i = ∑ j∈J E_{ij} the residual energy of the node after all the connections are over is E_{res,i} = E_{init} − E_i and the average residual node energy is E_{avg} = 1 n ∑ i∈V E_{res,i} The energy variance is defined as E_{var} = 1 n ∑ i∈V (E_{res,i} − E_{avg} )^2. (An alternate definition would divide the sum by n−1.) Finally, the node that has the least residual energy has an energy level of E_{min} = min_{i∈V} E_{res,i} The objective function we wish to minimize is the variance E_{var} and we will study its effect on minimum residual energy E_{min}. Next, we will express the objective function in terms of our control variables. To do this, we will express each E_{ij} above in terms of the control variables x_j , j ∈ J. Consider a connection (s_j , d_j ) ∈ J. Recall that our approach calls for using two different power levels during a connection. One power level is required for direction transmission from s_j to d_j . This power level is often (but not always) higher than the second power level which is prescribed by the routing algorithms for transmission through the network via neighbors of s_j .

Now, let the (real-valued) control variable x_j specify the amount of time spent in direct transmission where 0 ≤ x_j ≤ t_j . Consider a node i ∈ V . Let P_j denote the power level required for direct transmission in connection j and let P denote the common power level prescribed by the routing algorithm. Also, let c denote the energy consumed by the receiving circuitry in the transceiver – as an approximation (since we are not focused on minimizing receive power), we take this as a constant across all nodes. Then, E_{ij} , the energy spent on connection j by node i can be expressed as:

E_{ij} = P (t_j − x_j ) + P_j x_j , if i is the source of connection j (P + c)(t_j − x_j ), if i is intermediate node ct_j , if i is the destination 0, if i has no role in j

Thus, by combining the above expression with the definitions of the objective functions (variance and minimum residual nodal energy), we can relate the control variables x_i to the objectives. To summarize, we have two objective functions (E_{var} and E_{min}). We will also present three different types of algorithms aiming to optimize these objective functions.

IV. OFFLINE-STATIC ALGORITHM

We now study the static problem in which the connection pattern is known in advance and the optimization problem is solved offline. Since our control variables are real-valued, we use an iterative gradient algorithm [21]. Let x^{(k)}_j denote the value of control variable x_j after the k-th iteration and let E_{var}(x^{(k)}) denote the variance at the k-th iteration. Then, x_{j,k+1} = x_{j,k} − α ∂E_{var} (x^{(k)}) ∂x_{j,k} where α is the stepsize. Note that the above iteration attempts to solve the variance minimization problem. Two inconvenient facts complicate the optimization problem. First, the variables x_j must satisfy the inequality constraints 0 ≤ x_j ≤ t_j . Second, the objective function exhibits local minima To mitigate the problem of local minima, we use several different runs of the algorithm starting with different initial vectors x^{(0)}. The inequality constraints are handled as follows: an update to a variable x^{(k)}_j in iteration k that results in violating the constraint is ignored in that iteration.

Note that the static optimization problem is not directly suited to scenarios in which connections arrive and depart in random patterns. However, the static approach is useful when communication patterns can be determined and enforced at prior to network deployment, or when periodic re-calculation of the variables is possible after periods of traffic estimation. Many applications for sensor networks fall into this category since sensors are programmed to engage in regularly scheduled rounds of communication. In these cases, the size of the data is known and therefore, the connection duration can be estimated ahead of time.

V. ONLINE ALGORITHM

In the online version [15] of the problem, when a connection j arrives the source node must decide the duration of the direct transmission time x_j to minimize the variance in the residual energies at the time of the connection arrival. Let x^{(k)}_j denote the value of control variable x_j after the k-th iteration and let E_{var}(x^{(k)}) denote the variance at the k-th iteration. Then our modified gradient algorithm can be stated as follows:

1. Choose a sufficiently small

real value step.

2. Find the gradient^{dEvar (x(k) )}_{dxj,k} 3. If gradient is approximately

equal to zero then break 4. If the gradient has changed sign step =^{step}_2 5. If gradient is greater than zero x_{j,k+1} = x_{j,k} − step 6. Else if gradient is less than zero x_{j,k+1} = x_{j,k} + step 7. Repeat steps 1-6.

To explain our algorithm for minimizing E_{var} we observe that if the gradient is positive we have to decrease x_j by some amount in order to reach minima . Similarly if gradient is negative we have to increase x_j . We change the value of x_j by a small quantity step in each iteration. If we find that the gradient has changed sign we infer that minima lies between x_j − / + step and current value of x_j hence we reduce the value of step. After sufficient number of iterations we will either reach minima or be fairly close to it in which case the algorithm halts.

VI. DISTRIBUTED ALGORITHM

We now consider a distributed algorithm for the problem. In particular, we examine the possibility of designing an algorithm that uses only locally available information at each node. That is, a node decides the value x_j for those connections arriving at the node with no knowledge of connections at other nodes.

What local information could a node use in determining the segmentation? Intuitively, x_j should depend on the duration of the connection, the distance from source to destination, the likelihood that the node carries a high packet-forwarding burden and its current residual energy. Other factors might also play a role: the edge-density of the network, the number of hops from source to destination and the receive-only power of the node, for example.

To model the likelihood that a node carries high forwarding burden, we simply use the node’s degree. Figure VI supports this idea. Here, we have drawn a histogram for a 20-node graph plotted on a 100 × 100m grid. We construct all-to-all shortest paths on this graph. As the (degree/edge) ratio increases on average, we see the number of shortest paths passing through a node increases.

The actual value of x_j will be difficult to model in terms of all the above parameters. Accordingly, as a heuristic we consider the following approach:

x_j = ρ(1 − k E )( (n + 1)(P + c) P_j ) where ρ is a scaling factor based on the residual energy of the source node E_{src}. Observe that the heuristic reduces the time for direct connection for a node with high degrees. The term 1 − (^k_E ) reduces as the degree of a node increases relative to the number of edges in the graph. Next, from the problem formulation, we see that direct transmission for one connection saves the total network energy by (n + 1)(P + c)x_j − P_j x_j . Thus the ratio^{(n+1)(P +c)}

P_j is indicative of the energy that can be saved if

direct transmission is used. Hence, if P_j is large compared to (n + 1)(P + c) the time of direct transmission should be lowered. Similarly, if (n + 1)(P + c) is large in comparison to P_j the direct transmission time should be increased. The role of ρ can be explained as follows. Let E_{init} denote the initial energy of a node then based on the value of^{(Esrc}_{Einit)} we can choose

different values for ρ. For example if^{(Esrc}_{Einit)≤0.25} or the energy resources of a node are relatively low we may choose a small value (e.g., ρ = 0.25) to reduce the time of direct transmission.

VII. SIMULATION RESULTS

We evaluated the above algorithms using random topologies generated on a 100 × 100 grid. We assume that the power required for communication between any two nodes separated by a distance d varies as P ower = γd^2 + β where γ and β are constants.

For simulation purposes power is measured in milliwatts and value of^{γ=10mW}_{m2} while value of beta is 30mW . The energy is reported in joules. Initially, the nodes are randomly placed on this grid. The following approach is used to construct network routes. A minimum spanning tree is constructed over the nodes. The length of the longest edge in this tree is taken to be the threshold distance T [18]. The power P required to transmit over this distance is the common transmit power assigned to all nodes when the network routes are used. For direct transmission, each source computes its power requirement separately. Note that a further optimization is possible in computing the network routes: each node can use the minimum power needed to transmit across the link that connects the node to the spanning tree. But this approach leads to a sparse topology and place an even heavier forwarding burden on some nodes. Now, the direct transmission approach is only used between nodes that are not neighbors in the network topology. Thus, neighboring nodes always use the constant power P in both the standard route approach and our approach.

Once the graph is constructed and minimal common power P determined, each node forms a neighbor set (all nodes which are less than distance T away). On this topology, we compute the shortest path between every source and destination to use as the network path.

In our simulations, we varied the number of randomly created connections (each of which is given a randomly generated connection duration). For each configuration we evaluated our algorithms on the mean, variance and minimum residual energy. In order to make the results comparable we show standard deviation instead of variance as there is a huge difference between the magnitudes of variance and other two metrics (i.e mean and minimum energy).

The following summarizes our results:

• Variance is reduced while minimum residual energy is increased substantially when we apply our optimizations.

• Average energy increases only slightly.

• The static offline approach yields the best results, as may be expected.

• The distributed algorithm performs better than the online algorithm.

• The objective function of minimizing variance is equivalent to increasing minimum residual energy to some extent.

In the figures the terms SDinit, Emaxinit and Eavginit denote the values of standard deviation, maximum energy consumed in the network and average energy respectively when no optimizations are applied. The terms SD, Emin and Eavg denote the corresponding values when the our algorithm is used.

In figures 2 and 3 we plot the standard deviation and the average energy and the minimum residual energy for the static offline optimization. We observe that deviation can be reduced by up to 54% , the minimum residual energy can be increased by 4 times while the average energy is decreased by atmost 2%.

In figures 4 and 5 we plot the standard deviation and the average energy and the minimum residual energy for online variation. We observe that deviation can be reduced by up to 20%, the minimum residual energy can be increased by 70% while the average energy is decreased by atmost 1.5%.

In figures 6 and 7 we plot the standard deviation and the average energy and the minimum residual energy for the distributed algorithm. We observe that deviation can be reduced by up to

Fig. 2. Deviation and average energy on increasing connections for offline optimization

Fig. 3. Minimum Residual energy on increasing connections in static offline optimization

30%, the minimum residual energy can be increased 1.3 times while the average energy is decreased by atmost 3%.

VIII. DISCUSSION As must be clear now, our approach relies on the fact that intermediate nodes do not spend any energy on a connection’s segment that is transmitted directly from source to destination. A node’s transceiver can be turned off when the node is not being used and turned on when required and several such schemes aimed at conserving energy in ad hoc networks have been proposed previously both at the routing [33] and MAC layers [31], [26]. The power output and thus the transmission range of a transmitter can also be controlled dynamically.

Fig. 4. Deviation and average energy on increasing connections for online algorithm

Fig. 5. Minimum Residual energy on increasing connections for online algorithm

Note that our static offline approach minimizes variance across all connections, even though there might be nodedisjoint connections whose energy consumption (in their nodes) are unrelated to each other. However, from the birthday problem [22] it easy to see that, with a sufficient number of connections, the probability that two connections are node-disjoint is relatively low.

We point out that it is not always the case that direct transmission incurs higher energy consumption than network transmission [19]. For example, consider Figure 8, where source is node B and destination is node C for a connection of duration t. Let the length of edges AB and AC be a and let̸ BAC be θ. Therefore BC has length c = 2asin^θ_2 . Assume that the power required for distance d is d^2 and consider the case when c > a.

Fig. 6. Deviation and average energy on increasing connections for distributed algorithm

Fig. 7. Minimum Residual energy on increasing connections for distributed algorithm

Then in this case if we take the network route from B to C (via A), we will spend at least 2a^2t amount of energy whereas if we transmit directly from B to C we will spend 4a^2sin^{2 θ}_2 t units of energy. Now for 0 < θ < 90 transmitting directly from B to C takes less energy than by going through A. This argument can be extended to paths involving more than two hops. So in a high-density topology there is a chance that the total energy spent in direct transmission across the nodes maybe less than the energy spent in taking a network-assigned route for many source-destination pairs.

Finally, note that the distributed heuristic resulted in significant benefits but somewhat less than the offline version. This is because the algorithm used only local information, disregarding the connection pattern across the whole network. The implica-

Fig. 8. Example1

tion is that some benefits can be realized from using only local information, but that the objective function is sufficiently complex that network-wide information must be used to achieve the variance reduction possibly through a centralized approach. In a distributed implementation, such information can be periodically broadcast in the same way that OSPF broadcasts link state information for shortest path computations. Note also that the online algorithm is not effective because the choices of the x_j are made sequentially, which means that early choices are based on little information and greatly affect the later choices. The implication again is that periodic exchange of information is likely to create the best results in practice.

IX. CONCLUSIONS

A high variance in nodal energy consumption can cause network disconnection starting with the first battery death. While some past efforts have considered routing mechanisms to address fairness (energy balance), we take a new and complementary approach in this paper: connections are segmented so that some segments use direct transmission instead of the network path. We formulated an optimization problem and presented an iterative algorithm. We found that variance reduction is significant at the expense of some reduction in average residual energy. Online and distributed algorithms were also presented.

REFERENCES

[1] C.E Perkins. Highly dynamic destination-sequenced distance-vector routing (DSDV) for mobile computers. ACM SIGCOMM’94 Conference on Communications Architectures, Protocols and Applications [2] C.E.Perkins and E.M. Royer. Ad hoc on demand distance vector (AODV) algorithm. Proc.IEEE Workshop on Mobile Computing Systems and Applications (WMCSA’99), New Orleans, Feb. 1999 [3] D.B.Johnson and D.A. Maltz. Dynamic source routing in ad-hoc wireless networks. Mobile Computing, Kluwer academic publishers, pp. 153-181, 1996.

[4] C-K.Toh. Associativity based routing for ad-hoc mobile networks. Wireless Personal Communications , vol.-4, no.-2, pp. 1-36, March 1997.

[5] V.D.Park and M.S.Corson . A highly adaptive distributed routing algorithm for mobile wireless networks. Proc. INFOCOM’97, April 1997 [6] E.M.Royer and C.K.Toh. A review of current routing protocols for ad hoc mobile wireless networks. IEEE Personal Communications, vol. 6, noz. 2, pp. 46-55, 1999 [7] M.Adamou and S.Sarkar. A framework for optimal battery management for wireless nodes. Accepted in INFOCOM 2002.

[8] J.Broch, D.A.Maltz, D.B.Johnson, Y.Hu and J.Jetcheva. A performance comparison of multihop wireless adhoc network routing protocols.Int. Conf. Mobile Computing and Networking, pp.85-97, 1998.

[9] I.Stojmenovic and X.Lin. Power aware localized routing in wireless networks. IEEE Transactions on Parallel and Distributed Systems, Vol. 12, No. 11, pp. 1122-1133, November 2001.

[10] J.Flinn and M.Satyanarayanan. Energy-aware adaptation for mobile applications. Proc. 17th ACM Symposium on Operating Systems Principles (SOSP), Kiawah Island Resort, SC, December 1999.

[11] Q.Li,J.Aslam and D.Rus. Online power-aware routing in wireless ad-hoc networks. Proc. Seventh Annual International Conference on Mobile Computing and Networking, pp. 97-107, Rome, Italy, July, 2001.

[12] L.M.Feeney. An energy-consumption model for performance analysis of routing protocols for mobile ad hoc networks . Journal of Mobile Networks and Applications, pp. 3-6, June 2001.

[13] J.Chang and L.Tassiulas. Energy conserving routing in wireless adhoc networks. IEEE Infocom, pp. 22-31, 2000.

[14] K.I.Farkas, J.Flinn, G.Back, D.Grunwald and J.Anderson. Quantifying the energy consumption of a pocket computer and a Java Virtual Machine. Proceedings of IEEE Infocom, San Fransisco, CA, March 1998.

[15] A.Fiat and G.Woeginger. Online algorithms: the state of the art. Springer- Verlag, 1998.

[16] P.Gauthier, D.Harada and M.Stemm. Reducing power consumption for the next generation of PDA’s: It’s in the network interface. Proceedings of MoMuC’96, September 1996.

[17] G.Girling, J.L.Wa, P.Osborn and R.Stefanova. The design and implementation of a low-power ad hoc protocol stack. Proc. WCNC 2000, Chicago, 2000.

[18] Z.Haas, M.Sanchez, P.Manzoni. Determination of critical transmission range in adhoc networks. Proc. MMT, 1999.

[19] W.Heinzelman, A.Chandrakasan and H.Balakrishnan. Energy-efficient communication protocols for wireless microsensor networks. Prof. Hawaii Int. Conf. Sys. Sci., Jan 2000.

[20] Y-B.Ko and N.H.Vaidya. Location-aided routing in mobile adhoc networks. Mobicom, 1998.

[21] M.Minoux. Mathematical programming: theory and algorithms. Wiley, 1986.

[22] R.Nelson. Probability, stochastic processes and queueing theory.

Springer-Verlag, 1995.

[23] K.S.J.Pister, J.M.Kahn and P.E.Boser. Smart Dust: Wireless networks of millimeter-scale sensor nodes. Electronics Research Laboratory, University of California, Berkeley, 1999.

[24] R.Ramanathan and R.Rosales-Hain. Topology control of multihop wireless networks using transmit power adjustments. Proc. INFOCOM 2000, Tel Aviv, March 2000.

[25] V.Rodoplu and T.H-Y.Meng. Minimum energy mobile wireless networks.

IEEE J. Selected Areas in Comm., Vol. 17, No. 8, pp. 1333-1344, August 1999.

[26] C.Rohl, H.Woesner and A.Wolisz. A short look at power-saving mechanisms in the Wireless LAN standard draft IEEE 802.11. Proc. 6th WIN- LAB Workshop on Third Generation Wireless Systems, March 1997.

[27] O.Sanli, B.Narahari and R.Simha. Energy-Efficient Multicasting in Heterogeneous Wireless Sensor Networks. The George Washington University, 2002.

[28] C.Schurgers, V.Tsiatsis and M.Srivastava. STEM: Topology management for energy efficient sensor networks. Proc. Aerospace Conf., Montana, 2002.

[29] N.K.Singh, R.Simha and B.Narahari. Energy balance in wireless networks using connection segmentation and range control. Technical report, Department of Computer Science, The George Washington University, 2002.

[30] S.Singh, M.Woo and C.S Raghevendra. Power aware routing in mobile adhoc networks. Proc. Mobicom, 1998.

[31] S.Singh and C.S.Raghvendra. PAMAS-Power aware multi-Access protocol with signalling for adhoc networks. Computer Communication Review, July 1998.

[32] R.Wattenhofer, L.Li, P.Bahl and Y.M.Wang. Distributed topology control for power efficient operation in multihop wireless adhoc networks. Proc. IEEE Infocom, 2001.

[33] Y.Xu, J.Heidemann and D.Estrin. Adaptive energy-conserving routing for multihop adhoc networks. Tech. Rep. 527, USC/ISI, October 2000.

[34] Y.Xu, J.Heidemann, and D.Estrin. Geography-informed energy conservation for ad Hoc routing. Proc. of the ACM/IEEE International Conference on Mobile Computing and Networking, pp. 70-84. Rome, Italy, July 2001.

[35] J. Monks, V. Bharghavan and W.-M Hwu, A power controlled multiple access protocol for wireless packet networks. IEEE Infocom 2001, Anchorage, Alaska, March 2001.

[36] B.Chen, K.Jamieson, H.Balakrishnan, and R.Morris. Span: an energyefficient coordination algorithm for topology maintenance in ad hoc wireless networks. To appear in ACM Wireless Networks Journal, Volume 8, No. 5, September, 2002.

[37] S.Agarwal, S.V.Krishnamurthy, R.H.Katz, and S.Dao. Distributed power control in ad hoc wireless networks. Proc. of PIMRC 2001, San Diego.