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Abstract—The presence of heterogeneous nodes (i.e., nodes 
with an enhanced energy capacity or communication capability) 
in a sensor network is known to increase network reliability and 
lifetime.  However, questions of where, how many, and what types 
of heterogeneous resources to deploy remain largely unexplored. 
We focus on energy and link heterogeneity in ad hoc sensor net-
works and consider resource-aware MAC and routing protocols 
to utilize those resources.  Using analysis, simulation, and real 
testbed measurements, we evaluate the impact of number and 
placement of heterogeneous resources on performance in net-
works of different sizes and densities.  While we prove that opti-
mal deployment is very hard in general, we also show that only a 
modest number of reliable, long-range backhaul links and line-
powered nodes are required to have a significant impact.  Prop-
erly deployed, heterogeneity can triple the average delivery rate 
and provide a 5-fold increase in the lifetime (respectively) of a 
large battery-powered network of simple sensors. ∗  

I. INTRODUCTION 

Early research in ad hoc wireless sensor networks focused 
on networks in which all nodes possess identical software and 
hardware.  This homogeneous architecture is attractive be-
cause it is resilient to individual failures.  More recently, how-
ever, heterogeneous sensor networks have become popular, 
particularly in real deployments because of their potential to 
increase network lifetime and reliability without significantly 
increasing the cost.   

For example, Intel has deployed a pilot application of sen-
sor networks to monitor the health of mechanical equipment in 
its fabrication plants [7].  While sensors attached to pumps and 
motors in the fabrication plant may be line powered, use of 
battery-power sensors reduces installation cost and complex-
ity.  These sensors must conserve power, minimizing compu-
tation and communication.  Additional nodes placed where 
standard wall sockets are available can incorporate high-speed 
microprocessors and high-bandwidth, long-distance network 
transceivers.  These nodes can provide in-network data proc-
essing, longer-term storage, and access to building network 
infrastructures, such as Ethernet or 802.11 networks.  The op-
portunities for heterogeneity in this example are typical of 
indoor sensing applications and also common in a wide variety 
of deployment scenarios. 

In heterogeneous sensor networks, typically, a large number 
of inexpensive nodes perform sensing, while a few expensive 
nodes (perhaps embedded PCs) provide data filtering, fusion 
and transport. This partitioning of tasks ensures a cost-
effective design as well as a more efficient implementation of 
the overall sensing application.  However, realizing the full 
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potential of heterogeneity requires careful network engineer-
ing including careful placement of the heterogeneous re-
sources and the design of resource-aware protocols.  Effective 
exploitation of heterogeneity can impact the economic feasi-
bility of applications such as industrial equipment monitoring. 

We identify three common types of hardware heterogeneity: 
computational heterogeneity where some nodes have added 
computational power (e.g., Intel’s Stargate), link heterogeneity 
where some nodes have long-distance highly reliable commu-
nication links (e.g., 802.11 connectivity), and energy hetero-
geneity where nodes have unlimited energy resources (e.g., 
connection to a wall outlet).  In this paper we focus on the 
largely unexplored questions of where, how many, and what 
types of heterogeneous resources to deploy to maximize bene-
fit. 

We present analytical, simulation, and real testbed results to 
evaluate the impact of energy heterogeneity and link hetero-
geneity on sensor networks, which are typically designed to 
gather data from all nodes to a single sink.  We evaluate ana-
lytically the theoretical benefit of link and energy heterogene-
ity.  We then prove that optimal placement of resources in an 
arbitrary network is computationally expensive (NP-hard in 
some cases).  We develop techniques for utilizing heterogene-
ity, such as (1) effective placement strategies, (2) MAC-level 
support to exploit the benefits of these resources, and (3) re-
source-aware routing.  Finally, through testbed and simulation 
experiments, we evaluate the impact of the degree and place-
ment of heterogeneous resources in networks of various sizes 
and densities.  Our results indicate that a modest number of 
heterogeneous resources can triple the average delivery rate 
and provide a five-fold increase in the lifetime (respectively) 
of a large battery-powered network of simple sensors. 

II. RELATED WORK 

Use of heterogeneity in ad hoc networking is not new.  Re-
searchers at Millennial Net have developed a hardware and 
software architecture that presumes the presence of heteroge-
neous energy sources and communication capabilities [14].  
References [10] and [16] provide examples of two real sensor 
network deployments that utilize heterogeneous nodes for 
processing and transport tasks.  Researchers have demon-
strated the necessity of heterogeneity, deployed heterogeneous 
networks, and described mechanisms that bias the use of some 
nodes over others for packet forwarding and processing.  
However, to our knowledge there has been no comprehensive 
study evaluating strategies for effective use of heterogeneity in 
ad hoc sensor networks.  

Kumar et al. consider the suitability of two hardware plat-
forms for various tasks, given their respective power con-
sumption and processing ability [8].  They demonstrate that 



the Mica mote [2], which uses very little power but performs 
complex calculations slowly, is best suited to sensing, while 
the iPAQ, which consumes significantly more power but per-
forms computations relatively quickly, is best suited for data 
fusion.  They further evaluate the balance between on-sensor 
processing and remote processing, factoring in the cost of 
multihop transmission.  Their results suggest that intelligent 
partitioning of network functions across heterogeneous nodes 
can increase network lifetime. 

Previous analytical work has considered the amount of het-
erogeneity that is desirable in an ad hoc network.  Mhatre et 
al. [11] evaluated a hierarchical network with two types of 
nodes: sensors deployed with intensity λ0, and nodes with 
higher energy and communication capacity deployed with 
intensity λ1.  They prove that lifetime is maximized when λ1 
scales with the square root of λ0.  This result is compatible 
with other analytical studies of hierarchical ad hoc network 
capacity [9]. 

In this paper, we utilize energy-aware routing (EAR) to help 
leverage energy heterogeneity.  Previous work has typically 
focused on spreading the forwarding burden to increase net-
work lifetime.  While resulting paths tend to include low-cost 
links and nodes with the most remaining energy, the primary 
goal is load balancing and not heterogeneity.  EAR+A [17] 
explicitly biases routes toward nodes with greater energy ca-
pacity.  These nodes altruistically forward a disproportionate 
load.  In a similar approach, a delay added to route discovery 
biases routes away from nodes with low energy capacity [1].  
While we have chosen a specific solution in this paper, any 
energy-aware routing protocol might be used in a heterogene-
ous network. 

Topology control protocols can also bias activity toward 
nodes with greater resources.  GAF [18] uses geographic in-
formation to eliminate redundant nodes from sensing and 
communication tasks.  CEC [18] has a similar goal but uses 
radio propagation, rather than geographic information, to iden-
tify redundant nodes.  Both of these algorithms spread energy 
consumption over many redundant nodes.  However, because 
node selection is biased according to available resources, it 
can also be used to leverage heterogeneity.  ReOrg, which is 
similar to CEC, has been shown to be able to leverage line-
powered nodes to increase network lifetime [3]. 

Beyond this work, key questions remain: where, how much, 
and what kinds of heterogeneity are most useful? 

III. THE PROMISE OF HETEROGENEITY 

In this section, we analyze the potential benefit of energy 
and link heterogeneity on a network.  With energy heterogene-
ity, some nodes have no energy constraint.  We call these 
nodes line-powered nodes.  In link heterogeneity, some nodes 
have a high-quality link to the sink, and these backhaul links 
use a channel orthogonal to the sensor network radios.  For 
simplicity, we consider Manhattan grid networks, in which all 
nodes are deployed in a grid pattern, and radio propagation is 
limited to immediate neighbors along vertical and horizontal 
axes.  While not very realistic, this model is intended to pro-
vide initial insight into the potential benefit of heterogeneity.  

The model also has an extremely low density, which suggests 
a lower bound on the benefit of heterogeneity.  We back these 
analytical results with both experimental and simulation re-
sults in Section VI.   

A. Energy Heterogeneity 
In a multihop sensor network with many-to-one delivery, 

nodes nearer the sink expend more energy.  Figure 1 illustrates 
this effect using data from our testbed.  To increase network 
lifetime, therefore, nodes that consume the most energy should 
be line powered.  

We apply the following approach to maximizing network 
lifetime by providing line power to a subset of nodes (the op-
timality of this construction is proved in Lemma 2 in Section 
IV.A): 

• Line-powered nodes form a tree, rooted at the sink. 
• The tree forms a dominating set (a dominating tree), so 

that every battery-powered node is one hop away from a 
line-powered node. 

Given a sufficient number of line-powered nodes, packets 
can be delivered to the sink without being forwarded by any 
battery-powered node, increasing network lifetime.  For ex-
ample, in a Manhattan grid the dominating tree requires one 
third of the nodes to be line powered (Figure 2).  Higher den-
sity networks require fewer line-powered nodes (Figures 2b 
and 2c). 

Theorem 1: Assuming communication is the main compo-
nent of lifetime, a dominating tree of line-powered nodes 
rooted at the sink can increase network lifetime (defined as 
time to first node death) by at least 
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⋅
⋅ 2 , where n is network 

size, m is the number of nodes within radio range of the sink, 
Se2e is the average end-to-end delivery rate, and Slink is the link 
success rate in the vicinity of the sink. 

Proof: Assume that each node sends packets to the sink at a 
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Figure 1. Energy consumption in a 5x6 testbed network with a single sink. 
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Figure 2.  Optimal line-powered node placement in a grid topology.  Grey 
nodes are line-powered.  The sink is node S at the bottom of each network. 



constant rate 1/t and that each radio transmission consumes 
cost e at each battery-powered node. 

Without energy heterogeneity:  One of the m nodes for-
wards the most packets and will limit lifetime.  Since in each 
time period t, 
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one hop from the sink, a maximum network lifetime propor-
tional to 
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 is achieved when the load is balanced 

across the m nodes.  With energy heterogeneity: Each battery-
powered node transmits one packet per time period t.  All bat-
tery-powered nodes die simultaneously after a lifetime propor-
tional to 

e
1 .  Thus, the lifetime improvement is at least 
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As an example of this result, energy heterogeneity in a 24-
node network with an end-to-end delivery rate of 80%, in 
which 3 nodes are adjacent to the sink will multiply network 
lifetime by a factor of at least 6.4.  Note, because packet loss 
(without retransmissions) only increases network lifetime in 
the homogeneous case (see the expressions in Theorem 1), the 
apparent benefit of network heterogeneity decreases as loss 
rates increase. 

While energy consumption can be significantly reduced by 
deploying a dominating tree of line-powered nodes, some 
benefit can be obtained with fewer nodes.  Figure 3 shows the 
average energy consumption of battery-powered nodes run-
ning SMAC [19] in a heterogeneous 6x8 Manhattan grid, for 
various percentages of line-powered nodes (deployed as in 
Figure 2a).  Due to edge effects, the maximum benefit is 
achieved with slightly more than 33% line powered nodes.  
With 100% link success rate, more than a 70% savings in av-
erage energy is achieved.  When link-layer retransmissions are 
enabled, energy consumption in the heterogeneous network is 
significantly greater, resulting in a roughly 85% savings in the 
heterogeneous case. 

B. Link Heterogeneity  
Link heterogeneity reduces the average number of hops that 

data packets take from each sensor to the sink.  Since sensor 
network links tend to have low reliability, each hop signifi-
cantly lowers the end-to-end delivery rate.  Backhaul links 

provide a highway bypass across the network, simultaneously 
increasing the end-to-end delivery rate and decreasing energy 
consumption. 

In an m x n Manhattan grid (Figure 4), the length of the 
shortest path from a node at position (i, j) to a sink that is ad-
jacent to the midpoint of one edge is given by 

)1(
2
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 (1) 

If we consider each backhaul to be one hop from the sink, 
the length of the shortest path from a node to the sink via a 
backhaul node at location (k, l) is given by 
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Thus, the delivery path length for a node at (i, j) given the 
choice of one or more backhaul links is *

, jid , the minimum of 
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ing sum of the shortest path lengths from each node to the sink 
is given by 
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For a fixed number of backhaul nodes, there exists a de-
ployment that minimizes Sm,n.  We refer to this placement of 
nodes as the optimal placement of the backhaul links for a 
given m x n network.   

Using Equation 3, Figure 5 shows the coordinates of an op-
timal location of a single backhaul node, relative to network 
shape, (X0/X, Y0/Y).  While a specific fixed Y value was used, 
an identical result can be obtained in any grid network.  If X 
and Y are the network width and depth respectively, when 
X/Y = 1 the network is square.  For X/Y < 1, the network is 
deep (from the sink’s perspective), and for X/Y > 1, the net-
work is broad.   

In deep or square networks, optimal placement of the back-
haul node is always at (X/2, 2Y/3).  To see why, divide the 
network into three equal parts along the Y axis.  Packets from 
the two thirds furthest from the sink pass through the backhaul 
node.  Packets from the remaining third do not. 

When X/Y > 3, the optimal location for the backhaul node 
is 2/3 of the distance from the sink along the X axis with a Y 
coordinate that asymptotically approaches the center of the 
axis.  Intuitively, when X >> Y, it is best to place the backhaul 
node in the right or left half of the network.  In the extreme 
case, the network becomes a line along the X axis, with a 
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Figure 3.  Analytical result of average energy consumption of a 6x8 Man-
hattan-grid network with various link success rates. 
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Figure 4.  An m x n network with a single sink (S). 



backhaul link 2/3 of the distance from the sink to one end of 
the X axis. 

To evaluate optimal deployments identified using Equation 
3, Figure 6 presents average path length in grid networks of 
180 nodes with varying dimensions and various numbers of 
backhaul links.  Note that a single backhaul node is more ef-
fective when X/Y=½ (a tall, thin network) than when X/Y=2 
(a short, fat network).  This occurs because the optimal loca-
tion for the backhaul node is offset and thus benefits only half 
of the network.  This effect is significantly reduced when two 
backhaul nodes are deployed because each serves a different 
half of the network.  As the number of backhaul nodes in-
creases further, the average path length flattens dramatically 
over all network shapes. 

Decreased path length provides a corresponding increase in 
end-to-end success rate.  Figure 7 shows the average path 
length and data delivery rates in a 7x8 Manhattan-grid net-
work with increasing numbers of optimally placed backhaul 
nodes.  The addition of just one backhaul node reduces aver-
age path length by 48%, with a lower incremental reduction 
from each additional node.  For a link success rate of 70%, the 
end-to-end success rate triples from 12% to 37% with one 
backhaul node and nearly quadruples to 44% with three. 

In a general network, the maximum benefit occurs when 
each node is within one hop of a backhaul node or the sink; 
thus end-to-end success rate is nearly equal to the link success 
rate.  As average path length increases, the end-to-end success 
rate decreases.  While the incremental benefit of backhaul 
nodes is lower in larger networks, it increases as network den-
sity increases. 

IV. OPTIMAL RESOURCE DEPLOYMENT 

The previous section described the benefit of carefully 
placed heterogeneous resources in a grid topology.  This sec-
tion explores the question of optimal placement in an arbitrary 
topology. We prove that the optimal placement of line-
powered nodes is NP-hard but that the placement is a tree 
rooted at the sink. On the other hand, we show that the optimal 
placement of backhaul links is easily obtained by using short-
est path algorithms.  

A. Energy Heterogeneity 
A sensor network can be represented as a connected graph 

G = (V, E), where the vertex set includes one designated sink 
node.  Let |V| = n + 1, and denote the n nodes (excluding the 
sink) as {a1,…,an}.  Let V’ = {b1,…,bm} ⊆ V be the neighbors 
of the sink node.  Let us initially assume that there are no line-
powered nodes.  The routing problem of interest is to find 
routes from all sensor nodes to the sink such that we maximize 
the time to first node failure.  To quantify this metric, we at-
tach two weights to each node that are defined as follows: 

• r(ai) is proportional to the rate at which new traffic is 
generated by ai.  For the following discussion we as-
sume that r(ai) is a constant. 

• If T is a spanning tree rooted at the sink node then we 
define ∑

∈

=
tj

ji arTaw )(),( , where t is the subtree of T 

rooted at node ai. 
Node lifetime is then inversely proportional to its weight w.  

Thus, our routing problem is the following: 
Find a spanning tree T such that it minimizes 
maxi=1

n w(ai,T) = W(T)  
Unfortunately, this problem is NP-hard because a solution 

would enable a polynomial time solution to the maximum bal-
anced connected partition problem, which is known to be NP-
hard.  The maximum balanced connected partition problem 
can be stated as follows: For a connected graph G=(V,E) and a 
non-negative vertex weight function w:V→N, consider a parti-
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Figure 5.  Optimal placement of one backhaul node at (X0, Y0) in a grid 
network of depth Y=20 and a varying width X.  This sink node lies at the 
midpoint of the X axis (as shown). 
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Figure 6.  Average path length as a function of network shape for various 
numbers of backhaul nodes in a 180-node grid network. 
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tion of the vertex set into two non-empty disjoint sets V1 and 
V2 such that the subgraphs of G induced by V1 and V2 are con-
nected.  The balance of the partition is defined as B(V1,V2) = 
min{w(V1),w(V2)}, where ∑

∈

=
kVv

k vwVw )()( . 

Thus we need to find a partition that maximizes B. 
Theorem 2: Minimizing W(T) is NP-hard. 
Proof: We begin with the following observations: 
• The weight of each neighbor w(bi,T) of the sink is equal 

to the sum of node weights r(aj) in the subtree rooted in 
bi for the tree T.  

• In any spanning tree T rooted in the sink, the node with 
greatest weight is a neighbor of the sink.  

• If we assume that the sink node has exactly two 
neighbors b1 and b2, then minimizing W(T) implies 
minimizing max{w(b1,T),w(b2,T)} for all trees T.  
Equivalently, this corresponds to maximizing 
min{w(b1,T),w(b2,T)} for all trees T. 

If we had a polynomial time solution to our problem we 
could use it to find a polynomial time solution for the maxi-
mum balanced connected partition problem as follows.  Given 
a graph G = (V, E) add a new node called the “sink.”  Connect 
the sink to two nodes b1, b2 in V and find the spanning tree T 
that minimizes B(b1,b2)=max{w(b1,T),w(b2,T)}.  Repeat this 
for all n(n-1)/2  selections of the nodes b1, b2.  Then take the 
particular selection that minimizes B.  The tree T produced for 
this partition is actually two vertex-disjoint subtrees, one 
rooted in b1 and one in b2.  The vertices in each of these sub-
trees form the two optimal vertex sets V1 and V2 that achieve 
the maximum balance. □ 

As discussed in Section III.A, some nodes can be made 
line-powered (LP).  LP nodes do not require a battery and will 
never die1.  If b is an LP node, then w(b,T) = 0 for all trees T.  
However, if node p lies on the path from b to the sink in tree 
T, then w(p,T) is unchanged whether b is LP or not.  Some 
interesting questions that arise are the following: 

1. If we can make k nodes LP, can we identify nodes ai 
that can be made LP and a corresponding spanning tree 
T, such that we maximize time to first node failure?  In 
other words, minimize W(T,k). 

2. For a given integer c>0, can we minimize the number 
of LP nodes k and identify the corresponding optimal 
tree T, such that W(T,k)=c? Note that c=0 implies that 
all nodes must be LP. 

We explore the above two questions below. 
Lemma 1: The optimal location for a single LP node is at 

node bi, i.e., an immediate neighbor of the sink. 
Proof: To prove this, we observe the following.  For any 

tree T, there is some node bq∈V’ such that, 
),()( TbwTW q=  

In other words, the first node to run out of power is always 
a neighbor of the sink.  This is easy to see because, for all 
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ap∉V’ there is a node bl in tree T that lies on the path between 
ap and the sink.  Thus, 

 ),(),( TawTbw pl >  
Since the above observation is true for all trees, minimizing 

W(T) by making a node LP is only achieved by making some 
neighbor of the sink LP. □ 

Lemma 2: If we can make k nodes LP, then an optimal 
placement of these nodes forms a subtree rooted at the sink. 

Proof: Let T be a spanning tree rooted in the sink.  Let P be 
a placement of k LP nodes.  Let W(T,P) define the weight of 
the tree with placement P.  Assume there is an edge ap—aq in 
T such that ap is LP while aq is not, and aq lies on the path 
from ap to the sink.  Finally, assume ar is the non-LP node in 
tree T with placement P with the greatest weight. 

Construct a new placement P’ in which we make ar LP in-
stead of ap.  We contend that, 

)',(),( PTWPTW >  
This can only be false if w(ap,T,P’) > w(ar,T,P).  Clearly 

this inequality is not true because 
   ),,(),,()',,()',,( PTawPTawPTawPTaw rqqp ≤=<  
This proves the lemma. □ 
Theorem 3:  Finding an optimal placement of k LP nodes 

that minimizes W(T,k) is NP-hard. 
Proof:  If we set k = 0, we reduce the problem of finding 

W(T,k) to finding T such that W(T) is minimized (which is 
NP-hard by Theorem 2). □ 

Theorem 4:  For c > 0, and a given 0 < k < n, finding a 
placement for k WP nodes and a corresponding tree T such 
that W(T,k) = c is NP-hard. 

Proof:  If c = 1, the problem is identical to the problem of 
finding the maximum leaf spanning tree where the goal is to 
maximize the number of leaves.  In such a tree, we make all 
nodes except the leaves LP and thus achieve our objective of 
W(T,k) = 1.  Alternatively, we can also map our problem to 
finding the minimum connected dominating set.  After we find 
this set, we find a spanning tree of the nodes that belong to the 
dominating set and make them all LP.  Nodes outside this set 
are thus one hop away from the LP nodes.  For k > 1, we can 
add links between nodes ≤ k hops apart in the graph.  Solving 
the problem is now equivalent to the minimum connected 
dominating set problem. □ 

B. Link Heterogeneity 
A sensor network can be represented as a connected graph 

G = (V, E).  We assign each edge e = (u,v) in E a weight 
w(e) according to the reliability of packet transmission from u 
to v.  For any spanning tree T rooted at ai we define 

∑
∈

=
Te

i ewTaw )(),(  

Thus, our routing problem can be stated as follows: 
Find a spanning tree T such that it minimizes 
w(ai,T) 

If the success rate of link l is defined to be Pl, we can assign 
weights such that 

)ln(
)ln()(

∆
= lPTw  



where ∆ is the minimum possible edge weight.  Dijkstra’s 
algorithm can be used to find a spanning tree T rooted at the 
sink such that w(ai,T) is minimized and the average packet 
delivery rate to ai is maximized. 

As stated in Section III.B, a subset V’ of nodes in V can be 
given highly reliable links to s.  Thus, for each vi in V’, there 
exists an edge ej = (vi,s) such that w(ej) = ∆.  Such links are 
deemed backbone links. 

Theorem 5:  An O(|V|2+k) algorithm exists that selects k 
backbone links to G such that w(s,T’) is minimized. 

Proof:  For a given set of k nodes, k edges can be added to 
G and assigned weight ∆.  Dijkstra’s algorithm can be used on 
the resulting graph to find the spanning tree T with minimal 
w(s,T) in O(|V|2) time.  Since there are less than |V|k selections 
of k nodes from V, all possible combinations can be checked 
in O(|V|2+k) time.  □ 

V. LEVERAGING HETEROGENEITY 

Exploiting heterogeneity requires careful placement of these 
resources (as described in Sections III and IV) and the design 
of protocols that can utilize these resources for maximum 
benefit.  In this section we examine two key protocol ele-
ments: resource-aware routing and heterogeneous MAC de-
sign. 

A. Energy Heterogeneity 
The following subsections describe mechanisms to exploit 

line-powered nodes in an ad hoc sensor network. 
1) Path Selection and Energy Heterogeneity 

The goal of path selection in a network with energy hetero-
geneity is to encourage packet flow to and along branches of a 
line-powered dominating tree, where the cost of forwarding is 
zero.  In the absence of a dominating tree, routing should be 
biased to select paths that leverage line-powered nodes. Any 
energy-aware routing protocol can find these paths, given an 
appropriate metric (as in Equation 4).  We use single-
destination DSDV [12] because code for the mote platform 
was available. 

The energy metric used for route selection captures the end-
to-end energy cost of delivering a packet to the sink. The link 
cost is based on the expected energy cost to transmit, receive, 
and retransmit a packet.   For nodes that are line-powered, 
transmission and reception of packets has zero cost, which is 
reflected in the metric.   

Each DSDV route update (RUPDATE) contains a metric es-
timating the sender’s cost to deliver a packet to the sink, as 
well as the sending node’s energy source (battery-powered or 
line-powered).  At each hop, the RUPDATE receiver adds to 
the received metric the cost associated with its link to the 
sender.  The resulting metric is used to select the optimal next 
hop to the sink. 

To compute link cost, we assume a CSMA/CA protocol that 
utilizes a RTS/CTS/DATA/ACK exchange.   Energy cost for 
reliable transmission of a data packet over a single hop can be 
computed as follows:  
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Above, Etx and Erx are transmission and reception costs re-
spectively.  The variables bt and br are set to 1 if the transmit-
ter or receiver (respectively) are battery-powered, 0 otherwise.  
Rl is the expected number of retransmissions, which is com-
puted as follows: 
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Above, Ps is the link success rate, and N is the maximum 
number of retransmissions before the packet is discarded.  If 
both the sender and receiver are line-powered then the first 
term in Equation 4 is zero.  In order to avoid a link energy cost 
of zero we compute the maximum of the true link cost and a 
small constant ∆. 

Note that this metric will always select paths that include as 
few battery-powered receptions and transmissions as possible, 
and will therefore utilize a line-powered dominating tree, if 
one exists. 

While this metric minimizes total energy consumption it 
does not necessarily maximize network lifetime or enable 
networks of nodes with heterogeneous battery capacities.  We 
can address this concern by replacing raw energy with remain-
ing node lifetime in our metric.  This metric can balance the 
load across available paths over time, accounting for energy 
drain of individual nodes.  Also, this metric can exploit indi-
vidual nodes with greater energy capacity, in addition to line-
powered nodes with infinite energy capacity, until that extra 
capacity is consumed.  In Section VI, we have chosen to 
evaluate the simpler metric based on energy consumption, 
which will provide equivalent results in the relatively short 
period of our experiments. 
2) S-MAC and Energy Heterogeneity 

The MAC layer plays a key role in extending the lifetime of 
a battery-powered sensor network.  Ye et al. identify four ma-
jor sources of communication-related energy consumption: 
collisions, overhearing, idle listening, and control overhead 
[19].  An energy-conserving MAC avoids these wasteful ac-
tivities, allowing nodes to sleep as much as possible.  A MAC 
layer designed to exploit heterogeneity can further decrease 
the duty cycle of battery-powered nodes by shifting the burden 
to nodes with greater energy capacity.  

We use S-MAC [19] as the basis for our heterogeneous 
MAC protocol, because of its ready availability for simulation 
and implementation.  S-MAC uses periodic listen and sleep 
schedules, and neighbors exchange schedules, forming a vir-
tual cluster of nodes that wake and sleep together.  S-MAC 
also includes an adaptive listening mechanism, to reduce la-
tency caused by periodic sleeping in a multi-hop network.  
Nodes that overhear an RTS/CTS exchange wake up for a 
short period at the end of the transmission, allowing the re-
ceiver to immediately forward the packet along a multihop 
path, rather than waiting for its next scheduled wakeup time. 



We modified S-MAC to exploit energy heterogeneity, al-
lowing battery-powered nodes to save additional energy.  Our 
modifications to S-MAC are outlined below: 

1. Because nodes that do not forward packets do not bene-
fit from adaptive listening, we selectively disable adap-
tive listening on nodes that are leaves of the routing 
tree.  However, all nodes still use adaptive listening to 
retransmit unacknowledged transmissions, which re-
duces latency. 

2. Nodes that are leaves of the forwarding tree do not re-
ceive data packets.  Since route updates and S-MAC 
synchronization packets are broadcast packets, they are 
received at the start of the listen period.  Thus, leaf 
nodes are assigned a shorter listening period, further re-
ducing idle listening. 

3. Synchronization packets are sent more frequently by 
forwarding nodes than by leaf nodes.  Thus, a greater 
synchronization burden is placed on forwarding nodes, 
which tend to be line powered. 

Similar modifications could be made to other energy-
conserving MACs, such as TRAMA [13] or T-MAC [15], 
allowing them to leverage heterogeneity as well.  For example, 
schedule-based MACs, like TRAMA, could place more of the 
scheduling burden on nodes with greater resources.  

B. Link Heterogeneity 
The following subsections describe mechanisms to exploit 

reliable backhaul links in an ad hoc sensor network.  As in the 
previous section, we consider issues of path selection and me-
dium access control. 
1) Path Selection and Link Heterogeneity 

Backhaul nodes connect the sensor network to another net-
work at two or more locations, forming a tiered architecture 
(Figure 8).  The upper-layer network forms an overlay that 
allows high-bandwidth, highly-reliable communication be-
tween backhaul nodes and the sink.  The overlay network may 
be an ad hoc network, or it may be part of an existing wired or 
wireless infrastructure.  As such, the overlay may already have 
its own routing mechanism, which we cannot arbitrarily re-
place.   

The goal of introducing heterogeneous links into the net-
work is to increase the rate of successful packet delivery to the 
sink.  If backhaul nodes are well deployed in the network (as 
described in Section III.B), then nodes near a backhaul node 
will have a choice between sending a packet over multiple 
sensor network hops to the sink or a few hops to the backhaul 
node followed by a highly-reliable hop to the sink.  Metric-
based routing, which has been shown to improve end-to-end 

path quality in homogeneous networks [4], can also provide 
the basis for determining whether a given node should utilize 
the overlay network to deliver a packet to the sink.   

We use a single-destination form of DSDV with an end-to-
end reliability metric for routing (as described in [20]) which 
is similar to the One Phased Pull mode of Directed Diffusion 
[5].  Using a link-layer sequence number, each node maintains 
a history of the reception success rate for each neighbor (se-
quence number gaps indicate a missed packet).  Nodes share 
this information in a periodic broadcast and calculate link 
quality as the minimum success rate in each direction.  Link 
quality is combined end to end to select paths with the greatest 
likelihood of delivery to the sink. 

To integrate the sensor network with the overlay network, 
we developed a transparency layer (Figure 9) which hides the 
presence of multiple interfaces from the routing layer.  The 
transparency layer learns, by listening, which nodes are reach-
able on each interface, and forwards each message on the cor-
rect interface.  The node’s radio is used to send packets to true 
neighbors, and the overlay interface is used for neighbors ad-
jacent via the overlay network.  Broadcast packets are sent on 
both interfaces.  Thus, incoming packets from either interface 
are indistinguishable by the routing layer. 

In our testbed, backhaul nodes are actually two nodes cou-
pled by a serial link: a sensor node and an embedded PC at-
tached to an IP-based network.  A process running on the em-
bedded PC encapsulates packets received over the serial link 
into IP datagrams and sends them to the sink.  Packets re-
ceived over the IP network are decapsulated and delivered to 
the sensor node via the serial link. 

Routing in the overlay and sensor network are completely 
independent (Figure 8).  Encapsulated packets are routed on 
the overlay as IP payload.  Route update packets leaving the 
sink node are forwarded both by the sensor network radio and 
across the overlay to all “adjacent” backhaul nodes.  Because 
the overlay is highly reliable, the backhaul nodes measure 
high reliability on this “link” and advertise a favorable metric 
to their neighbors.  Upon receipt of a route update, the trans-
parency layer on a backhaul node notes that the sink is a 
neighbor over the backhaul interface.  Thus, data packets for-
warded by the backhaul node will utilize the overlay.  No rout-
ing layer integration is required. 
2) S-MAC and Link Heterogeneity 

In exploiting heterogeneous links, our goal is to increase the 
end-to-end delivery rate of the network.  One limitation of 
sensor nodes is that they tend to have limited memory capac-
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Figure 8. A hierarchical network architecture and a subset of packet paths. 

  
Figure 9.  Hierarchical networking software architecture. 



ity.  While our backhaul nodes can have virtually unlimited 
packet buffering, most sensors have very small packet buffers.  
So, we modified S-MAC to make it more resilient to buffer 
overflows. 

If a node’s in-bound buffer is full, it can either accept the 
data packet and eventually drop it, or inform the sender to 
refrain from transmission.  We opt for the second alternative; a 
node receiving an RTS will reply with an N-CTS if its in-
bound buffer is full, indicating that a packet should not be 
sent.  While not specifically related to link heterogeneity, we 
observe that this simple feature significantly improved end-to-
end reliability.  

VI. EXPERIMENTAL EVALUATION 

In this section, we evaluate and verify through testbed and 
simulation experiments the impact of the degree and place-
ment of heterogeneous resources in networks of various size 
and density. 

A. Experimental Methodology 
We conducted experiments using both OPNET* simulations 

and real testbeds.  Our testbeds consisted of Mica motes (At-
mel® ATmega103L AVR® microcontroller with 128 KB of 
flash, 4 KB of RAM, and an RFM TR1000 916 MHz radio 
transceiver) with a 20 Kbps (encoded) wireless channel [2].  
Protocols and applications were implemented using TinyOS 
[6], an event-driven operating system designed to fit within 
the minimal resources of mote hardware.  We considered 
m x n grid topologies of various sizes (Figure 4), where m < n.  
While a real sensor network would not typically be deployed 
in such a uniform fashion, a grid topology was chosen to en-
able application of and comparison with analytical results, as 
well as to allow a repeatable performance evaluation.   

Most experiments were conducted at approximately unit 
density.  Transmit power was set such that nodes could com-
municate only with their immediate neighbors.  In experiments 
in which density varied, the physical dimensions of the net-
work were halved for a density of 1:2 and divided by three for 
a density of 1:3, while the number of nodes was held constant. 

Due to the challenge of measuring extremely small energy 
consumption over many nodes, energy consumption was esti-
mated using a mathematical model based on time actually 
spent in various operating modes.  Energy heterogeneity was 
realized in software, simply by not considering the energy 
consumption of the nodes designated as line-powered.  Link-
heterogeneity was realized by attaching each selected node to 
an embedded PC, which provides access to the IP-based back-
haul network.  The backhaul network is implemented using an 
Ethernet LAN.  This network approximates an 802.11 net-
work, in that it has a packet delivery rate and bandwidth or-
ders of magnitude greater than the mote network.  We believe 
that this approximation will not affect our results.  Except 
where noted, line-powered and backhaul nodes were placed in 
the grid according to the strategy described in Section III. 

Most of our experiments utilized optimal deployments of 
line-powered or backhaul nodes in grid networks of various 
densities.  To achieve a minimum dominating tree (as dis-
cussed in Section III.A) line-powered nodes were deployed as 

shown in Figure 2.  Optimal deployments of backhaul nodes in 
a grid network (Table I) were determined as described in Sec-
tion III.B and are independent of density.   

In all experiments, all nodes initiated one packet at a regular 
time interval.  Timing was randomly offset across nodes to 
avoid synchronization.  All packets were destined for a single 
sink node located at the midpoint of the narrow edge of the 
network (Figure 4).  Each packet was 37 bytes, including 
headers and payload.  A low data rate was used to avoid con-
gestion.   

Simulation studies are also presented to complement and 
extend the testbed results, allowing factors such as latency to 
be evaluated.  The protocols described in Section V, including 
our modified S-MAC and DSDV protocols, were implemented 
in OPNET*.  Our node model is based on the Mica mote, with 
limited buffer capacity of one in-bound and one out-bound 
packet.  We use a free space propagation model with a trans-
mit range as described above and a channel error rate that 
achieves a 95% packet success rate in energy heterogeneity 
experiments (Section VI.C) and 85% in link heterogeneity 
experiments (Section VI.D).  A maximum of three retransmis-
sions were allowed per packet transmission.  The carrier sense 
threshold is set to twice the reception range. 

Multiple trials were used in all experiments, and all results 
indicate 90% confidence intervals.  The duration of each ex-
periment trial was at least 1200 seconds. 

B. Evaluation Metrics 
Energy heterogeneity decreases the energy that nodes con-

sume forwarding packets and thereby increases network life-
time.  We evaluate the effectiveness of energy heterogeneity 
using two metrics:  

• Percentage reduction in average per-node energy 
consumption of battery-powered nodes, normalized 
over goodput. 

• Percentage increase in network lifetime normalized 
over goodput.   

We define lifetime to be the time to first node death.  We 
normalize each metric above to network goodput, to avoid 
giving unfair advantage to less reliable networks. 

Link heterogeneity increases the rate at which packets are 
successfully delivered end to end by decreasing the depth of 
the routing tree.  Thus, the length of individual delivery paths 

TABLE I 
OPTIMAL LOCATIONS (ROW, COLUMN) OF BACKHAUL NODES FOR LINK 

HETEROGENEITY EXPERIMENTS. 

Network Dimensions  
7x8 5x6 3x4 

1 (3,5) (2,4) (1,2) 

2 (1, 5), (5, 5) (1, 4), (4, 3) (0, 1), (1, 3) 

3 (1, 3), (3, 6), (5, 3) (1, 2), (1, 5), (4, 3) (0, 1), (1, 3), (2, 1)  

4 (1, 3), (1, 6),  
(5, 3), (5, 6) 

(0, 4), (1,2), (3, 4), 
(4,2) 

(0, 1), (1, 3),  
(2, 1), (2, 2) 

5  (0,4), (1,2), (2,5), 
(3,3), (4,1) 
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6  (0,0), (0,4), (1,2), 
(2,5), (3,3), (4,1) 

 
 



decreases.  Besides increasing delivery success rates, shorter 
paths also decrease latency.  We evaluate link heterogeneity 
using three metrics: 

• End-to-end success rate 
• Average path length to the sink 
• End-to-end latency (simulation only)  

The end-to-end success rate was measured by dividing the 
total number of data packets successfully received at the sink 
by the total number of expected packet transmissions for a 
given time period and number of nodes (since nodes transmit 
at regular intervals).  In simulation only, latency was measured 
from the moment the packet arrived at the MAC layer of the 
originating node to the moment it was received by the applica-
tion layer on the sink. 

C. Energy Heterogeneity 
In this section we evaluate the benefits of degree and 

placement of line-powered (LP) nodes in networks of various 
sizes and densities. 
1) Effect of Number of Heterogeneous Nodes 

Section III.A predicts an incremental benefit to average per-
node energy consumption and network lifetime as the number 
of optimally-placed LP nodes increases, up to a maximum 
deployment of 33% LP nodes.  We measure this effect in a 
6x8 network using simulation and testbed experiments.  Figure 
10 and Figure 11 show the energy savings observed in simula-
tion and testbed, respectively.  Energy savings in simulation 
and the testbed differ because the end-to-end delivery rate is 
lower in the testbed.  Figure 3 shows the correlation between 
packet delivery rate and expected energy savings. 

In general we observe continuous improvement of energy 
saving as we increase the number of the LP nodes.  With 33% 
of LP nodes a maximum energy savings of 83% was achieved 
in simulation.  This result correlates with the expected value 
from Figure 3 with a 95% link success rate and a maximum of 
three retransmissions, as specified in the simulation.  In addi-
tion, the incremental benefit decreases as more LP nodes are 
added, suggesting that a relatively large benefit can be 
achieved with a partial deployment. 

The testbed results differ significantly from the simulation 
results.  With 33% of LP nodes we achieved an energy savings 
of 50%, which correlates with the expected value for a 75% 
link success rate, as measured in the testbed.  However, with 
fewer LP nodes, significantly less benefit is achieved.  We 
attribute these results to the lower link success rate and lack of 
link-layer retransmission in the testbed.  During our experi-
ments, a significant number of non-LP nodes used non-
optimal routes, most likely due to lost routing packets.  This 
effect is much greater when multiple hops are required to 
reach an LP node, as is the case with fewer LP nodes.  As in 
the simulation experiments, the energy savings does not in-
crease beyond 33% LP nodes (not shown).   

Figure 11 and Figure 12 show the lifetime improvement ob-
served in the testbed and simulation, respectively.  Lifetime 
increased incrementally as we increased the number of the LP 
nodes.  Both experiments achieved a 450% increase in net-
work lifetime with 33% LP nodes, approximately correlating 

with the result predicted by Theorem 1.  Beyond 33% LP 
nodes, no additional lifetime gain was observed, as expected.   
2) Optimal vs. Random Placement 

Ideally, we would like the benefit of energy heterogeneity 
to be insensitive to node placement.  Unfortunately, this is not 
the case.  Randomly selecting various numbers of LP nodes 
produced a wide range of results (Figure 10).  While some 
random deployments produced a significant average energy 
savings, none did as well as optimal deployment.  In most 
cases, fewer optimally placed LP nodes outperformed a much 
larger number of randomly placed LP nodes.  Random de-
ployment is suboptimal for two reasons.  First, because nodes 
close to the sink consume the most energy, selecting any other 
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Figure 10.  Simulation result: The effect of various % of line-powered 
nodes on average energy consumption in a 6x8 network for optimal and 
random deployments. 
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Figure 11.  Testbed result: The effect of various % of line-powered nodes 
on average energy consumption and lifetime in a 6x8 network. 
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Figure 12.  Simulation result: The effect of various % of line-powered 
nodes on lifetime in a 6x8 network, for optimal and random deployments.   



nodes will be less beneficial.  Second, by attracting packets, 
LP nodes increase path lengths, which increases the amount of 
work required at battery-powered nodes.   

While random placement of LP nodes is suboptimal, the 
range of results appears to decrease as the number of LP 
nodes increases.  This suggests that less care is required in LP 
deployment as the number of LP nodes increases.  

As with average energy consumption, random deployment 
also fails to achieve optimal network lifetime (Figure 12).  In 
addition, there was little improvement in lifetime as the num-
ber of randomly deployed LP nodes increased.  This result 
supports Lemma 2.  Unless there is a connected backbone to 
the sink, lifetime will not be significantly affected. 
3) The Effect of Network Size 

Figure 13 presents lifetime improvement from simulation in 
networks of various sizes (but constant density) with 33% LP 
nodes.  The network lifetime increases as the network size 
increases.  This result is predicted by Theorem 1.  The slope of 
this line is less than would be expected purely from an in-
crease in network size, because the end-to-end success rate 
also decreased as network size increased.  As noted in the pre-
vious section, random deployments are not effective at in-
creasing network lifetime.  We present these results from 
simulation, as this allowed us greater variation in network 
size.  We omit our testbed results, which support the same 
conclusions. 
4) The Effect of Network Density 

Figure 14 shows the effect of density on network lifetime 
and average energy consumption in a 6x8 grid toplogy.   
Measurements were taken at three distinct densities (1:1, 1:2, 
1:3). As shown in Figure 2, at higher densities there are fewer 
LP nodes. 

At higher density, more nodes are one hop from the sink.  
Thus, the lifetime of the homogeneous case is increased be-
cause traffic to the sink can be carried by a larger number of 
nodes.  As a result, the percentage improvement of the hetero-
geneous case over the homogeneous case decreases as density 
increases (Figure 14).  In addition, at higher density, the same 
absolute lifetime can be achieved with fewer LP nodes (33% 
at 1:1, 17% at 1:2, and 11% at 1:3). 

Average energy consumption is also affected by network 
density.  At higher density, the average path length is reduced.  
Since nodes spend less energy forwarding packets in the ho-

mogeneous case, the percentage improvement decreases as 
density increases. 
5) Summary of Results 

The simulation and testbed evaluation presented in this sec-
tion suggest the following conclusions: 

• Optimal placement of up to 33% LP nodes can pro-
vide significant but decreasing incremental gains in 
network lifetime. 

• Packet loss reduces the potential benefit from LP 
nodes, particularly with fewer LP nodes. 

• Random LP node placement has a small impact on 
average energy consumption but almost no impact on 
network lifetime. 

• Larger networks have a greater potential benefit from 
LP nodes. 

• While higher density reduces packet forwarding (and 
thus energy consumption), fewer LP nodes are re-
quired for maximum benefit. 

D. Link Heterogeneity 
In this section we evaluate the benefits of degree and 

placement of backhaul (BH) nodes in networks of various 
sizes and densities. 
1) Effect of Number of Heterogeneous Nodes 

Section III.B predicts an incremental benefit to average end-
to-end success rate as the number of optimally-placed BH 
nodes increases.  This benefit is primarily due to a decrease in 
average path length.  To quantify the benefit of varying num-
bers of BH nodes, we simulated a 7x8 grid topology and ran 
testbed experiments on a 5x6 grid toplogy.  

In both simulations and testbed experiments, the average 
path length (end-to-end delay in simulation) decreased (Figure 
15 and Figure 17) and end-to-end data success rate increased 
(Figure 16 and Figure 18) as the number of BH nodes in-
creased.  The addition of one BH node to a homogenous net-
work had the greatest impact.  In our simulations, we achieved 
a 16% decrease in the end-to-end delay and a 51% improve-
ment in success rate.  In the testbed, we achieved a 36% re-
duction in the average path length and a 24% improvement in 
the success rate.  Note that these results differ slightly due to 
the different network sizes and link success rates used in simu-
lation and testbed experiments. 

Each additional BH node provides a gradually declining in-
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Figure 13.  Simulation result: The effect of network size on lifetime.  Both 
optimal and random deployments are shown. 
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Figure 14.  Testbed result: The effect of density on lifetime in a 6x8 net-
work. 



cremental benefit.  In simulation, we achieved a maximum 
end-to-end success rate of 76% (a 154% improvement) with a 
55% reduction in end-to-end delay when 11% of the nodes 
were BH nodes.  In our testbed, we achieved a maximum end-
to-end success rate of 79% (a 71% improvement) with a 57% 
reduction in average path length with 13% BH nodes.  Note 
that in Figure 17 and Figure 18, the maximum benefit occurs 
when the average path length is 2, which corresponds to all 
non-BH nodes being one-hop from a BH node.  These results 
confirm that by having only a modest percentage of BH nodes, 
we can achieve a significant benefit, with an end-to-end suc-
cess rate that asymptotically approaches the link success rate.  
Thus, link heterogeneity will have the most benefit to net-
works with deep routing trees or low link success rates. 
2) Optimal vs. Random Placement 

Ideally, we would like the benefit of link heterogeneity to 
be insensitive to node placement.  We measured the perform-
ance of various numbers of randomly deployed BH nodes and 
compared the results with the corresponding results for opti-
mal deployment (Figures 15 through 18). 

In both simulation and testbed experiments, random de-
ployment does not reduce path length or increase success rates 
as much as optimal deployment.  In many cases, fewer opti-
mally placed BH nodes can outperform a given number of 
randomly placed nodes.  For randomly placed BH nodes, the 
variance in the success rate decreases as the number of BH 
nodes increases.  Thus, careful deployment of BH nodes be-

comes less important as the number of BH nodes deployed 
increases. 
3) The Effect of Network Size 

To determine the effect of network size on the benefit of 
network heterogeneity, we evaluated networks of different 
sizes (but constant density) using simulation and testbed ex-
periments (simulation data is omitted since it is similar to test-
bed data).  Average path length increases as network size in-
creases, resulting in a corresponding decrease in delivery suc-
cess rate.  For a given number of backhaul nodes, the increase 
in end-to-end success rate is greater in larger networks (Figure 
19).  Finally, the incremental benefit of backhaul nodes dimin-
ishes as nodes are added, suggesting that no more than 10% of 
nodes need backhaul links, at this density. 
4) The Effect of Network Density 

To determine the effect of density of the network on the 
benefits achieved, we performed testbed experiments on a 7x8 
grid with three different densities (1:1, 1:2, 1:3).   

In Figure 20, for a given number of backhaul nodes, denser 
networks have better end-to-end success rate.  It is true that as 
we increase the network density, collisions and channel con-
tention increases, but the impact is smaller than the impact of 
decreased path length (Figure 21).  In addition, at higher den-
sity, path length reaches its minimum with fewer BH nodes 
than at unit density.  Thus, a small number of BH nodes can 
have a significant impact at high density.  
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Figure 15.  Simulation result: The effect of varying the number of backhaul 
nodes on average end-to-end delay in a 7x8 network.  Results for optimal 
and random placement are shown. 
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Figure 16.  Simulation result: The effect of varying the number of backhaul 
nodes on end-to-end success rate in a 7x8 network.  Results for optimal and 
random placement are shown. 
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Figure 17.  Testbed result: The effect of a varying amount of link heteroge-
neity on average path length in a 5x6 network.  Results for optimal and ran-
dom placement are shown. 
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Figure 18.  Testbed result: The effect of a varying amount of link heteroge-
neity on end-to-end success rate in a 5x6 network.  Results for optimal and 
random placement are shown. 



5) Summary of Results 
The simulation and testbed evaluation presented in this sec-

tion suggest the following conclusions: 
• Link heterogeneity of up to 10% can improve end-to-

end success rate until it reaches the link success rate. 
• Placement of backhaul nodes has much less impact 

on end-to-end success rate than placement of line-
powered nodes has network lifetime. 

• Link heterogeneity has the greatest impact in net-
works that are large, have deep routing trees, or have 
low link success rates. 

VII. APPLICABILITY OF RESULTS 

The results in the preceding section were obtained using 
specific routing and MAC protocols: DSDV and S-MAC.  
However, it is possible to estimate the degree of benefit that 

heterogeneity can provide when other routing and MAC pro-
tocols are used, assuming a similar traffic mode. 

A. Energy Heterogeneity 
Energy heterogeneity increases network lifetime by de-

creasing the amount of work (in the form of packets for-
warded), performance will be determined by the relative cost 
of packet forwarding and static protocol overheads.  To impact 
of different protocol costs, we define the following parame-
ters: 

• Edata: the total energy spent by all nodes one hop from 
the sink to send and receive data packets, without het-
erogeneity. 

• Eprotocol: the total energy spent by all nodes one hop 
from the sink associated with per-packet protocol over-
head, without heterogeneity. 

• Eidle: the total energy spent by all nodes one hop from 
the sink to run an idle protocol stack (over a time pe-
riod equivalent to that of Eprotocol and Eidle), without het-
erogeneity. 

•  E’data, E’protocol, E’idle: Equivalent to the above, except 
energy consumption is measured per node and with 
heterogeneity. 

These parameters can be used to determine the degree to 
which heterogeneity can increase the lifetime of a network, as 
follows: 

     
( )''' %

dataprotocolidle

dataprotocolidle

EEEm
EEE

timprovemen
++⋅

++
=  (6) 

In the above, m is the number of nodes that are one hop from 
the sink (applied as in Theorem 1) and Eidle = m⋅E’idle.  By ap-
plying the values from TABLE II (obtained from our mathe-
matical model of the energy consumption of SMAC and 
DSDV) and a value of m=2 (observed in our simulation ex-
periments in Section VI.C.1) to Equation 6 yields a lifetime 
improvement of roughly 5 times, which corresponds to the 
results reported in Figure 11 and Figure 12.   

Equation 6 can also be used to estimate the impact of other 
routing and MAC protocols on the benefits of energy hetero-
geneity.  For an ideal MAC and routing layer, Eidle + Eprotocol = 
0 and E’idle + E’protocol = 0.  In a network with 80% link suc-
cess rate, energy heterogeneity could increase network life-
time by 6.8 times.  For a worst-case MAC and routing layer, 
Eidle + Eprotocol >> Edata and E’idle + E’protocol >> E’data.  In this 
case, energy heterogeneity could increase network lifetime by 
3.9 times. 

Clearly the potential benefit of energy heterogeneity is de-
pendent on the overhead of the MAC and routing protocols.  
In fact, the relative cost of protocol overhead is greater in the 
heterogeneous case, because energy heterogeneity reduces 
packet forwarding at line-powered nodes.  As a result, proto-
col overhead at non-line powered nodes becomes more sig-
nificant.  Thus the need for the careful design of protocols is 
greater when energy heterogeneity is present. 
B. Link Heterogeneity 

The potential benefit of link heterogeneity is limited by link 
success rate.  Link success rate can be affected by the MAC 
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Figure 19. Testbed result: The effect of network size on end-to-end success 
rate. 
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Figure 20.  Testbed result: The effect of network density on end-to-end 
success rate in a 7x8 network. 
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Figure 21.  Testbed result: The effect of network density on path length in a 
7x8 network. 



and routing layers, which can mask individual transmission 
failures and increase channel contention with management 
packets.  If Figure 7 is applied to the link success rate apparent 
above a particular MAC and routing layer, the impact of vari-
ous numbers of backhaul nodes can be determined. 

CONCLUSIONS 

We have shown analytically that optimal deployment of 
heterogeneous resources is computationally hard in general.  
In addition, the maximum benefit that can be achieved from a 
particular type of heterogeneity depends greatly on the shape, 
size, and density of the network, as well as on the overheads 
of MAC and routing protocols.  Protocol overheads, in par-
ticular become more important as networks become more het-
erogeneous. 

Results from our testbed and simulation experiments with a 
specific MAC and routing layer suggest that modest amounts 
of link heterogeneity can more than triple end-to-end success 
rates.  Similarly, energy heterogeneity can provide a more than 
5-fold increase in network lifetime.  Assuming moderate den-
sity, this benefit can be achieved with heterogeneity at less 
than 10% of nodes.  While careful placement is required to 
maximize benefit when a limited amount of heterogeneity is 
deployed, an increase in the number of heterogeneous re-
sources reduces the impact of resource placement.  In addition, 
density significantly reduces the number of resources required 
for maximal benefit. 

While our experimental results provide valuable insight into 
the benefits of heterogeneity, they are only a first step.  Real 
application deployments have more complex topologies.  Fu-
ture research is required to systematically evaluate the role of 
heterogeneity in real application deployments, including a 
study of other forms of heterogeneity. 
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TABLE II 
ENERGY CONSUMPTION FROM A MATHEMATICAL MODEL OF SMAC 

AND DSDV. 

 100% link  
success rate,  
homogeneous 

80% link  
success rate,  
homogeneous 

80% link  
success rate,  

heterogeneous 
 Eidle = 3.6 mJ Eidle = 3.6 mJ E’idle = 1.8 mJ 
 Edata = 175.2 mJ Edata = 35.6 mJ E’data = 2.6 mJ 
 Eprotocol = 87.5 mJ Eprotocol = 17.3 mJ E’protocol = 0.7 mJ 

% Data Cost 65.5% 61.9% 51.3% 
% MAC + 

Routing Cost 34.5% 38.1% 48.7% 


