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Data compression can save energy and increase network capacity in wireless sensor networks.
However, the decision of whether and when to compress data can depend upon platform hardware,
topology, wireless channel conditions, and application data rates. Using Lyapunov optimization
theory, we design an algorithm called seec that makes joint compression and transmission decisions
with the goal of minimizing energy consumption. A practical distributed variant, dseec, is able
to achieve more than 30% energy savings and adapts seamlessly across a wide range of conditions,
without explicitly taking topology, application data rates, and link quality changes into account.
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1. INTRODUCTION

Wireless sensor networks, in which nodes collect sensor data and transmit them over
multiple hops to a sink, have enabled unprecedented visibility in many natural and
built environments. Data compression has been considered for these networks in two
contexts. First, compression can reduce transmission costs and thereby save energy
resources. Second, for applications that generate significant data, compression can
increase the effective network capacity.

Until recently, it was assumed that compression was always energy-efficient so
that the decision to compress could be made statically. However, Sadler and
Martonosi [2006] showed that, for many commonly used platforms, whether com-
pressing data at a node is energy-efficient or not depends upon the platform’s
components, as well as the position of the node in the topology. Specifically, they
showed that the balance between the energy required for compression and the en-
ergy required for transmission is such that compression wins only if a node is several
hops away from the sink (the actual distance depends upon topology). One can
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extend the arguments in Sadler and Martonosi [2006] to show that the decision to
compress at a node can also depend upon the wireless channel conditions along
the path from the node to the sink: a noisy channel, because it consumes energy
in retransmissions, can make it favorable to compress at nodes closer to the sink.
Moreover, this decision can also depend upon the application data rate — when the
network is operating close to capacity, it might be more energy-efficient to compress
a fraction of packets, rather than all of them.

In practice, this means that the decision of whether (and when) to compress data
for energy-efficient operation must be made dynamically. It is possible, of course,
to devise a heuristic decision algorithm for this task, that explicitly takes platform
energy consumption, topology, channel characteristics and application data rates
into consideration.

In this paper, we take a more principled approach. Using tools from Lyapunov
optimization theory (Georgiadis et al. [2006]), which explores the design of sta-
ble transmission schedulers that optimize a given objective function, we design an
algorithm called seec (Stable Energy-Efficient joint Compression and transmis-
sion scheduling, Section 4). seec ensures network stability (queues at nodes are
finite) and minimizes time average energy expenditure, while dynamically deciding
whether and when to compress data in order to achieve energy-efficiency. It is par-
simonious, in the sense that a single parameter V governs the performance of the
algorithm.

We are able to provide a performance bound for seec. Specifically, we show
that seec’s energy consumption is within an additive factor of the optimal. It can
achieve an energy consumption arbitrarily close to the optimal at the expense of
increased queueing delay.

seec is a centralized algorithm and makes idealized assumptions about wireless
medium access (Section 2), so we also explore a more practical distributed vari-
ant called dseec (Section 5). This variant runs on CSMA-based MACs (such as
those used with 802.11 and 802.15.4 radios). It uses the same compression de-
cision algorithm as seec (which requires only local information), and uses queue
backlog information from its local neighborhood to implement seec’s transmission
scheduling algorithm.

dseec’s chief advantage is that it is able to achieve energy-savings, while adapt-
ing dynamically to platform changes, channel variability, diverse application data
rates, and topology diversity. We demonstrate (Section 6) its adaptivity through
extensive simulations in Qualnet [2008] (a widely-used high-fidelity wireless simu-
lator), and show that dseec can achieve more than 30% energy savings in some
settings. dseec’s elegance stems from the fact that it is able to make the com-
pression decisions without explicitly considering topology, application data rates,
or channel qualities. Instead, these characteristics manifest themselves as changes
in queue backlog at a node, which triggers compression decisions. Finally, we show
that dseec’s performance is relatively insensitive to the choice of its parameter V :
changing V by three orders of magnitude affects overall energy consumption by less
than 10%.
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2. SYSTEM MODEL

In this section we describe our model for a wireless (sensor) network deployed for
data collection. This model provides a framework for describing our joint compres-
sion and transmission scheduling algorithm and analyzing its performance. For ease
of exposition, we assume that time is slotted; our system model and algorithms can
be easily generalized to the continuous time case.

Data acquisition. Consider a network of N nodes. LetN = {1, 2, . . . N} represent
the set of nodes. Each node n ∈ N has a sensor attached to it, which collects
measurements periodically. Let An[t] represent the number of measurement samples
collected by the sensor attached to node n during timeslot t. We assume that the
size of each sample is b bits. In a wide range of sensing applications, data is
collected at a fixed sampling frequency: vibration (Paek et al. [2006]), and imaging
(Hicks et al. [2008]). For these applications, An[t] = a for all timeslots t. However,
if the sensing application adapts the sampling frequency in response to an event
Caron et al. [2007], then An[t] may vary across time slots. We model An[t] as a
discrete random variable with maximum value m. Each node has to deliver the
measurement data collected by its sensor to a sink (possibly) over multiple wireless
hops. In the design and analysis of seec, we assume a single sink but possible
dynamic routing over different outgoing links. However, the evaluation in Section 6
is done for the special case of a fixed routing tree rooted at the sink.

Data Compression. The data collected by a node is first processed by a compres-
sion module. The compression module can compress the data using one of the K
compression algorithms available to it. Every timeslot t, the compression module
picks a compression option kn[t]. Option kn[t] = 0 represents no data compression.
This is the central focus of the paper: the decision about whether to compress,
and which compression option to use, is made jointly with transmission scheduling
(discussed below), taking channel conditions and interference into account. The
compressed data is then delivered to the queue at the transmission module (dis-
cussed below).

For each node n, we model the size of the data after compression, Rn[t], as a
random variable. In practice, the output of the compression module will depend
on the values of measurement samples being compressed. However, for analytical
tractability, we assume that Rn[t] are i.i.d. conditionally on the value of An[t] and
kn[t]. As we show in our trace-based evaluations (in Section 6), our results hold
even for real datasets, indicating that this assumption is not restrictive in practice.

Let En
C [t] denote the energy consumed at node n while compressing data using

option kn[t]; with En
C [t] = 0 for kn[t] = 0. We model En

C [t] as a random variable
whose value is dependent upon the compression option kn[t]. We assume that En

C [t]
are i.i.d. for all t with the same compression option kn[t].

Compression Algorithms. We characterize the different compression algorithms
in terms of their expected compression ratios and energy consumption. For every
compression algorithm k ∈ K, we define the expected size of the compressed output
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m(a, k) and the energy consumption φ(a, k) for An[t] = a as follows:

m(a, k) M= E {Rn[t] | An[t] = a, kn[t] = k} (1)
φ(a, k) M= E {En

C [t] | An[t] = a, kn[t] = k} (2)

Given our definition of m(a, k), the expected compression ratio achieved by option
k is m(a,k)

ab .
We assume that m(a, k) and φ(a, k) are known for all compression algorithms

k ∈ K. In practice, these quantities can be empirically determined from a large
enough sample dataset prior to network operation. If such quantities are not
available prior to network operation they can be estimated on-line during an initial
learning period during which data is always compressed to collect statistics. In
our evaluations, we use the former approach for simplicity.

Scheduling Transmissions. Let L denote the set of all wireless links in the
network. Each link l ∈ L is characterized by a pair of nodes (n1, n2) where n1

transmits data to n2 over the link l. For each node n, let Ωn represent the set of
all outgoing links on which node n can transmit data and Θn represent the set of
all incoming links on which node n can receive data.

The transmission rate over a wireless link depends on the transmit power and
the channel state. The channel state of a wireless link can be characterized using
several different metrics: the Signal to Interference plus Noise Ratio (SINR) for
the link, the expected transmission count (ETX) metric (De Couto et al.[2003]),
the LQI (Link Quality Indicator threshold) (Srinivasan et al. [2006]) and the RSSI
(Received Signal Strength Indicator) values, etc. In this paper, we use the ETX
metric to capture link quality in our evaluation (Section 6). If we model each
packet transmission attempt as a Bernoulli trial, then ETX=1/(pf × pr), with
pf and pr equal to the successful transmission probability for a packet and its
acknowledgment, respectively.

We represent the current channel state at time t as a vector ~S[t] = {Sl[t]}l∈L
where Sl[t] denotes the channel state at time t for link l. For all links l ∈ L, we
assume that Sl[t] takes values from a finite set S̃ for all t. We represent the (finite)
set of all possible channel state vectors by S = S̃|L|, and hence, ~S[t] ∈ S for all t.

A centralized1 transmission scheduler determines the set of nodes that can trans-
mit at time t based on the current channel state ~S[t]. For each link l ∈ L, it
determines a transmit power P l

tran[t]. We assume that P l
tran[t] ∈ {0, Pmax} for all

links l and time t (it is possible to extend our framework to multiple transmit power
levels). A node n transmits at time t if and only if for at least one of its outgoing
links l ∈ Ωn is assigned P l

tran[t] > 0. We represent the transmit power allocation
by the scheduler at time t as a vector ~Ptran[t].

We can incorporate different scheduling constraints into the transmission sched-
uler. For example, if nodes have a single radio, and they cannot transmit and
receive (or transmit on more than one link) simultaneously, we can impose the

1In a later section, we discuss a decentralized scheduler whose decisions approximate this
centralized scheduler.
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following feasibility constraint on ~Ptran[t]:
∑

l∈Ωn

I(P l
tran[t]) +

∑

l∈Θn

I(P l
tran[t]) ≤ 1 ∀ nodes n (3)

where I(P l
tran[t]) is equal to 1 if P l

tran[t] > 0 and zero otherwise.

Transmission capacity-power curve Let µl[t] denote the number of bits that
can be transmitted over link l during time slot t. We model µl[t] as a function,

µl[t] = Cl(~Ptran[t], ~S[t]), (4)

where ~Ptran[t] = {P l
tran[t]}l∈L, ~S[t] is the current channel state, and Cl(~Ptran[t], ~S[t])

is the capacity-power curve for link l defined by the modulation and coding schemes
used for transmission on link l. We assume that there exists a constant µmax, such
that µl[t] ≤ µmax for all t. We also assume that, for all l, Cl(~P ,~s) is piecewise
continuous in ~P , and is monotonically increasing in the transmission power for link
l, i.e.,

Cl((P l, {P j}j 6=l), ~s) ≥ Cl((P̃ l, {P j}j 6=l), ~s) for P l > P̃ l

for each channel state ~s. Additionally, for every link l, Cl((0, P j
j 6=l), ~s) = 0 for

every channel state ~s, i.e., zero transmission power always yields zero transmission
rate. Thus, at time t, µl[t] > 0 only for those links l that are allocated P l

tran[t] > 0
by the transmission scheduler.
Example of Capacity-Power Curve: For a channel subject to additive white Gaus-
sian noise, the capacity-power curve for link l, Cl(~Ptran, ~s) can be approximated
using a log() formula for channel capacity. Hence, we can define Cl(~Ptran, ~s) for
link l as follows:

Cl(~P ,~s) = log

(
1 +

αlP
l
tran

Nl +
∑

l̂ 6=l αl̂P
l̂
tran

)

where Nl and αl represent the Noise and fading coefficients associated with the
particular channel state ~s.

Queueing dynamics. The output of the compression module, Rn[t], is held in a
queue at the transmission module awaiting transmission. Once data is passed on
to the transmission module, it is not considered for compression again.

Let Un[t] denote the number of bits in queue at node n. The following equation
captures the dynamics of the queue backlog:

Un[t + 1] ≤ max

(
Un[t]−

∑

l∈Ωn

µl[t], 0

)

+ Rn[t] +
∑

l∈Θn

µl[t] (5)

where µl[t] is given by equation (4) and
∑

l∈Θn
µl[t] represents the exogenous ar-

rivals at node n due to other nodes routing their data through node n. The equality
in (5) achieved only when the actual endogenous arrivals from other nodes is equal
to

∑
l∈Θn

µl[t]; the actual endogenous arrival can be less than
∑

l∈Θn
µl[t] if the

other nodes have little or no queue backlog.
ACM Journal Name, Vol. V, No. N, Month 20YY.



6 ·
Symbol Description

An[t] Samples collected; (≤ m)
b size of each sample in bits

kn[t] Compression decision
Rn[t] Data size after compression

m(., k)
Expected size of compressed data

for compression algorithm k (eq. 1)
En

C [t] Energy consumed by data compression

φ(., k)
Expected energy consumption

for compression algorithm k (eq. 2)
L All links in the network
Ωn Set of outgoing links
Θn Set of incoming links
~S[t] Current channel state; ~S[t] = {Sl[t]}l∈L

~Ptran[t]
Transmit power allocation;
~Ptrant[t] = {P l

tran[t]}l∈L

µl[t]
# bits that can be transmitted on link l

during slot t (eq. 4)
Un[t] Queue backlog

El
T [t]

Energy consumed at node
transmitting data on link l

El
R[t]

Energy consumed at node
receiving data on link l

El
B [t]

Energy consumed due to nodes
overhearing the transmission on link l

Table I. System Model Notation: symbols t and n denote the current time and a node, respectively.

Table I summarizes the notation used to describe our model.
Our framework can naturally incorporate several extensions to this model, which

we discuss briefly as part of future work in Section 8.

3. OPTIMIZATION GOAL

In this paper, our aim is to design a compression and transmission scheduling
algorithm that minimizes the total system power expenditure while maintaining
network stability. Using our system model (Section 2), we now formally define
total system power expenditure and network stability.

The main sources of energy expenditure in our system are data compression,
data transmission, and data reception. At time t, the energy consumed by the
compression module at node n is En

C [t], with En
C [t] = 0 if the “no compression”

option is chosen (kn[t] = 0).
If the transmission scheduler allocates power P l

tran[t] = Pmax for link l = (n, ñ),
then node n has the opportunity to transmit data for the duration of one time slot,
Tslot. Now, at time t, node n can transmit µl[t] bits over link l. However, as later
described in Section 4, in our scheme transmission schedules are determined based
on the queue backlog at different nodes. In most cases, when it is the turn of node
n to transmit, its queue will have more data than it can possibly transmit during
one slot, i.e., Un[t] ≥ µl[t]. Thus, the energy consumed (at node n) by the data
transmission on link l during slot t is

El
T [t] = P l

tran[t] = Pmax × Tslot (6)

When Un[t] < µl[t], we assume (for analytical tractability) that the transmitter
stays up for the entire slot duration. In practice, of course, the transmitter does
not have to do this.
ACM Journal Name, Vol. V, No. N, Month 20YY.
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Node ñ consumes energy while receiving the data packet transmitted by node n.
Suppose the wireless interface at each node dissipates a constant amount of power
Precv when in receive mode. The energy consumed (at node ñ) for packet reception
on link l during time slot t, under the same assumptions as above, is:

El
R[t] = Precv × Tslot (7)

We assume that the wireless interface at a node does not consume any energy
when it is not transmitting or receiving data. This is an idealized assumption, and
requires the existence of a well-designed network duty-cycling protocol. Such a
protocol coordinates packet transmissions in a way that nodes can turn their radios
off in order to conserve energy. In general, these protocols (Razvan et al. [2008],
Burri et al. [2007]) do not achieve the ideal we have assumed, but incur a very
small amount of overhead in determining whether it is safe to go back to sleep. We
examine this deviation from the ideal in our experiments in Section 6.

Finally, nodes can expend significant energy overhearing packets, when omnidi-
rectional radios are used (as we have assumed). A standard method (Ye et al. [2006])
for overhearing-avoidance is to use the RTS/CTS message exchange to determine
whether a node can go to sleep or not. Before transmitting a data packet for node
ñ, a node n broadcasts an RTS control packet that identifies ñ as the intended re-
ceiver and the data packet’s transfer duration. All the nodes that are not identified
as the receiver can then safely turn off their radios for the duration of the data
packet transfer.

We account for this overhearing-avoidance in our analysis in the following man-
ner. Node n broadcasting a packet is equivalent to node n transmitting that packet
on all its outgoing links l ∈ Ωn. We assume that a fraction α < 1 of the µl[t] bits is
consumed by a control message. The energy consumed at all the neighbors of node
n, except ñ, due to these nodes receiving a control message is

El
B [t] =

∑

l̃∈Ωn:l̃ 6=l

α(Precv × Tslot)

= α× (|Ωn| − 1)× (Precv × Tslot) (8)

In our analysis, we assume that all timeslots are of the same duration. Without
loss of generality, we define Tslot to be of unit length for the rest of the paper.

Since node n transmits µl[t] total (control and data) bits on link l, the total
network-wide energy consumed due to node n’s compression and transmission ac-
tivity during time slot t, En

tot, can be written as,

En
tot[t] = En

C [t] +
∑

l∈Ωn

(
El

T [t] + El
R[t] + El

B [t]
)
I(P l

tran[t]) (9)

where I(P l
tran[t]) is the indicator function.

We define the total system energy expenditure during slot t as the sum of the
energy expenditure at each node. The time average total system power expenditure
is given by

lim inf
t→∞

1
t

t−1∑
τ=0

N∑
n=1

En
tot[τ ] (10)
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Our goal is to design an algorithm for making compression and transmission

scheduling decisions to minimize the time average total system power expenditure
(10) while ensuring network stability2. Formally, we define a network to be stable
if:

lim sup
t→∞

1
t

t−1∑
τ=0

N∑
n=1

E {Un(τ)} < ∞ (11)

Note that network stability implies finite average queue backlog, and hence, finite
average delay at each node.

4. THE SEEC ALGORITHM

In this section, we present our first contribution: the design and analysis of a central-
ized algorithm, seec that minimizes the system energy expenditure while adapting
to topology, network dynamics, application data rates, and platform differences.
In subsequent sections, we explore the design and performance of a distributed
variant, dseec.

In designing seec, we impose an additional requirement: our algorithm must re-
sult in a stable network (Equation 11). This requirement suggests a starting point,
the Lyapunov optimization framework (Neely [2006], Georgiadis et al. [2006]). This
framework can incorporate performance metrics such as energy expenditure, fair-
ness, etc., into the Lyapunov drift, a well-known technique for developing stabilizing
control algorithms. The key idea is to define a non-negative, scalar function, called
a Lyapunov function, that measures the aggregate congestion of all the queues in
the network during timeslot t. The Lyapunov drift represents the expected change
in the Lyapunov function from one timeslot to the next. Under the Lyapunov op-
timization framework, control algorithms designed to minimize the Lyapunov drift
over time are guaranteed to stabilize the network and achieve near-optimal perfor-
mance for a given optimization objective (energy expediture in case of seec).

4.1 Design of seec

We first describe seec, designed using the Lyapunov drift technique. We present
the details of the derivation and then, in next subsection, analyze seec’s optimal-
ity characteristics. seec decouples the choice of the compression algorithm and
the transmission power allocation into two separate algorithms. Both algorithms
involve a single parameter V > 0 that controls the trade-off between energy con-
sumption and delay.

Compression Algorithm. Every timeslot t, each node n ∈ N observes the data
collected by its sensor, An[t], and its current queue backlog, Un[t]. It then chooses
a compression option kn[t] ∈ K as follows:

kn[t] = arg min
k∈K

(Un[t]m(An[t], k) + V φ(An[t], k)) (12)

2It may make sense, from the perspective of our application, to consider adding other
constraints (for example, constraining average energy usage on individual nodes). We
have left this to future work.
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We break ties arbitrarily if multiple compression options satisfy Equation (12). We
describe the intuition for this algorithm below.

Transmission Algorithm. For each link l ∈ L, we define the differential queue
backlog Ul[t] during timeslot t as Ul[t] = Un[t] − Un̂[t], where l = (n, n̂) is a link
from node n to node n̂.

Let ~U [t] = (Un[t]) be the vector of queue backlog at all nodes. Every timeslot
t, the transmission scheduler observes the current queue backlogs ~U [t] and the
channel state ~S[t], and allocates a power vector ~Ptran[t] = (P l

tran[t])l∈L that solves
the following optimization problem:

Maximize
X

n

X

l∈Ωn

“
Ul[t]µl[t]− V P̃ [t]

”
(13)

subject to :

P̃ [t] = P l
tran[t] + I(P l

tran[t])[1 + α(|Ωn| − 1)]Precv

~Ptran[t] = (P l
tran[t])l∈L ∈ P

In Section 2, we assumed that P is finite and that the capacity-power curves
Cl(~P , ~S) (that determine µl[t]) are piecewise continuous. Hence, there exists a
maximizing power allocation. We break ties arbitrarily if multiple maximizing
power vectors exist.

At a high level, these two algorithms work together as follows. For each time slot,
the compression algorithm chooses the option kn[t] that minimizes a weight function
which depends on the current queue backlog at a node (Equation (12)). In order to
maximize the summation in Equation (13), the transmission algorithm will schedule
transmissions only on links for which the link-weight dl[t] = (Ul[t]µl[t]−V P̃ [t]) > 0.
If transmission on two links with positive link-weight cannot be scheduled simulta-
neously, then the transmission algorithm picks the link with larger link-weight.

Next, we describe how we derive seec (which attempts to jointly make compres-
sion and scheduling decisions in a stable fashion) using the Lyapunov drift technique
(Georgiadis et al. [2006]).

Lyapunov analysis. Before we embark upon our analysis, we need a closed form
expression for the time evolution of queue lengths in the system. Equation (5)
provides this, but does not include the overhead3 of RTS/CTS control messages
(Section 3). The modified equation is as follows:

Un[t + 1] ≤ max

 
Un[t]−

X

l∈Ωn

µ̃l[t], 0

!

+ Rn[t] +
X

l∈Θn

µ̃l[t] (14)

where µ̃l[t] = (1− α)× µl[t].

3Accounting for such overhead may not be strictly necessary in case of seec since it uses
a centralized transmission scheduler in a time-slotted system (i.e., α may be 0). However,
it is needed in the case of a distributed transmission scheduler (dseec, Section 5), so we
introduce it here and carry it forward in the derivations that follow.

ACM Journal Name, Vol. V, No. N, Month 20YY.
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We define a quadratic Lyapunov function of queue backlogs as:

L(~U [t])M=
1
2

N∑
n=1

(Un[t])2 (15)

and the one-step conditional Lyapunov drift ∆(~U [t]) as:

∆(~U [t])M=E
{

L(~U [t + 1])− L(~U [t])|~U [t]
}

(16)

The Lyapunov drift for our system is given by the following lemma. (See Geor-
giadia et al [2006] for further details on Lyapunov drift.)

Lemma 1 Suppose the r.v. An[t] at each node n, and the channel states ~S[t] are
i.i.d. over timeslots. For the queue evolution, given in Equation (14), and the
Lyapunov function, defined in Equation (15), the one-step Lyapunov drift for our
system satisfies the following constraint for all t and all ~U [t]:

∆(~U [t]) ≤ BN −
X

n

E

(X

l∈Ωn

µ̃l[t]Ul[t] | ~U [t]

)

+

NX
n=1

Un[t]E
n

Rn[t]|~U [t]
o

(17)

with the constant B defined as follows.

B M
=(Rmax + µin

max)2 + (µout
max)2, Rmax

M
= max

n
(E {Rn[t]})

µin
max

M
= max

(n,s∈S,P∈P)

X

l∈Θn

µ̃l[t], µout
max

M
= max

(n,s∈S,P∈P)

X

l∈Ωn

µ̃l[t]

Proof. See Appendix A.

Incorporating the energy constraint. Recall that our goal is to design an al-
gorithm that makes joint compression and transmission decisions while minimizing
energy usage. To do this, we use the Lyapunov optimization framework (Geor-
giadis et al. [2006], Neely [2006]). We add a weighted cost (total system energy
consumed during slot t) to the Lyapunov drift, in Equation (17), to get:

∆(~U [t]) + V

NX
n=1

E
n

En
tot[t] | ~U [t]

o
≤

BN −
X

n

E

(X

l∈Ωn

µ̃l[t]Ul[t] | ~U(t)

)

+

NX
n=1

Un[t]E
n

Rn[t]|~U [t[
o

+ V

NX
n=1

E
n

En
tot[t] | ~U [t]

o
(18)

In this inequality, we can expand the term E
{

En
tot[t] | ~U [t]

}
using Equations (6),
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(7), and (8), and substitute the value of E
{

Rn[t]|~U [t]
}

(Equation (1)) to get:

∆(~U [t]) + V

NX
n=1

E
n

En
tot[t] | ~U [t]

o
≤

BN −
X

n

E

(X

l∈Ωn

µ̃l[t]Ul[t]− V P̃ [t] | ~U [t]

)

+

NX
n=1

E
n

Un[t]m(An[t], kn[t]) + V φ(An[t], kn[t]) | ~U [t]
o

(19)

where P̃ [t] = P l
tran[t] + I(P l

tran[t])[1 + α(|Ωn| − 1)]Precv.
seec is designed to minimize the RHS of (19). There are three salient points to

note from 19. First, because the inequality incorporates the Lyapunov drift, seec is
stable. Second, comparing the second term on the RHS of (19) and Equation (13),
seec’s transmission algorithm contributes to minimizing the RHS of (19) by max-
imizing this negative term. Finally, comparing the third term on the RHS of (19)
and Equation (12), we see that seec’s compression algorithm minimizes this posi-
tive term (in order to minimize the Lyapunov drift). Taken together, seec ensures
stable, joint compression and transmission scheduling, with the goal of minimizing
energy consumption.

4.2 Performance Bounds on seec

Next, we provide an analytical bound on the system energy expenditure achieved
by seec compared to an optimum value. The optimum value is characterized by
the class of stationary randomized algorithms that make the compression and trans-
mission scheduling decisions in a multi-hop network according to a fixed probability
distribution. We then make the following contributions. For this restricted class
of algorithms, Lemma 2 describes the minimum system power consumption, P ∗av,
required to achieve network stability. Theorem 1 shows that any joint compression
and transmission scheduling algorithm for multi-hop networks (and therefore seec)
that stabilizes the system will require a system power expenditure of at least P ∗av. In
Theorem 2, we show that seec can achieve an average system power consumption
arbitrarily close to P ∗av.

Stationary randomized algorithms. Consider the class of stationary random-
ized algorithms for making compression and transmission scheduling decisions.
Such algorithms choose a compression option (based only on An[t]) and the trans-
mit power allocation (based only on ~S[t]) for each time slot t according to a fixed
probability distribution. For example, one policy can be to pick a compression
option uniformly at random as well as, based on the current channel state ~S[t],
similarly choose the transmit power vector ~Ptran[t] according to a fixed probability
distribution. Note that these algorithms do not consider the queue backlogs Un[t]
while making their decisions.

Condition for achieving stability. Suppose that the data arrival process, i.e.,
the sequence An[t], t ≥ 0, is ergodic with a steady state distribution pA

4. For a

4For ease of exposition, we assume that pAn = pA for all n.
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given stationary randomized compression decision policy, let the output data rate
(in bits/slot) of the compression module be rn = E {Rn[t]} ≤ E {bAn[t]}. We define
a lower bound on rn, denoted by rn

min as follows:

rn
min

M=E
{

min
k∈K

m(An[t], k)
}

for all n ∈ N (20)

where the expectation is taken over An[t]. Thus, rn
min is the minimum average

bits/slot delivered to the output queue by the compression module at node n,
assuming that the compression option that results in the largest expected data size
reduction is used in every timeslot. Clearly, rn ≥ rn

min.
Suppose the process representing the time varying channel state, i.e., the se-

quence ~S[t], t ≥ 0, is ergodic with a steady state probability distribution πs. Under
a given stationary randomized transmission scheduling (and transmit power alloca-
tion) policy, let ~f = (fl)l∈L where fl = E {µl[t]}. A combination of compression and
transmission scheduling policy will stabilize the network if and only if ~f = (fl)l∈L
define a network-flow satisfying the following conditions5.

fl ≥ 0 ∀ l ∈ L; ε > 0 (21)X

l∈Ωn

fl −
X

l∈Θn

fl = rn + ε ∀ n 6= sink (22)

NX
n=1

rn =
X

l∈Θsink

fl (23)

Let Λ denote the set of rates for which there exists an achievable network-flow
~f . Clearly, if ~rmin = (rn

min) does not belong to Λ, then for the arrivals An[t], it
is not possible to stabilize the network, even by always compressing data. In our
subsequent analysis, we assume that ~rmin ∈ Λ. A formal definition of Λ can be
found in Neely et al. [2003], where it is defined as the Network Capacity Region.

For the class of stationary randomized policies, we define the minimum-energy
compression function h∗n(r) (for all nodes n) and the minimum energy transmission
function g∗(~f) as follows.

Definition 1 For each node n, for any value of rn such that rn
min ≤ rn ≤ E {bAn[t]},

the minimum-energy compression function h∗n(rn) is defined as the infimum value
h for which there exist probabilities (γa,k) for a ∈ {1, 2, . . . ,m}, k ∈ K, such that:

E {En
C [t]} =

mX
a=0

KX

k=1

pA(a)γa,kφ(a, k) = h (24)

rn = E {Rn[t]} =

mX
a=0

KX

k=1

pA(a)γa,km(a, k) (25)

γa,k ≥ 0 ∀ a, k,

KX

k=1

γa,k = 1 ∀ a

5ε in Equation (22) is needed to produce an appropriate randomized policy; we omit the
details due to lack of space.
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Given ~S[t] with distribution πs and capacity-power curves ~C(~P , ~S) = (Cl(~P , ~S))l∈L,
Neely et al. define the Network Graph Family, Γ, as the set of average transmission
rates ~w = (wl) that can be achieved (Neely et al. [2003]. Different power allocation
algorithms will lead to different ~w.

Definition 2 For any ~w = (wl)l∈L ∈ Γ, we define the minimum energy trans-
mission function g∗(~w) as the infimum value g for which there exists a stationary
randomized power allocation policy that chooses transmit power vector ~Ptran[t] as
a random function of the observed channel state vector ~S[t], and independent of
the current queue backlog, such that:

∑

l∈L
E

{
P̃ l[t]

}
= g, E {µl[t]} = wl ∀ l ∈ L

where P̃ l[t] = P l
tran[t] + I(P l

tran[t])[1 + α(|Ωn| − 1)]Precv and P l
tran[t] is the power

allocated for transmission on link l during timeslot t.

The following lemma shows that the infimum values h∗n(rn) and g∗(~w) are achiev-
able.

Lemma 2 Consider ~r = (rn) with rn
min ≤ rn ≤ E {bAn[t]} ∀ n and ~f = (fl) ∈ Γ

satisfying conditions (21)-(23). For such a scenario, there exists a stationary ran-
domized policy that chooses compression option k∗n[t] and transmit power allocation
~P ∗[t] for timeslot t based only on An[t] and ~S[t] (and independent of queue backlogs)
such that:

E {En
C [t]} = E {φ(An[t], k∗n[t])} = h∗n(r) ∀ n (26)

E {Rn[t]} = E {m(An[t], k∗n[t])} = rn (27)
X

l∈L
E
n

P̃ l∗[t]
o

= g∗(~f)

E {µl[t]} = fl ∀ l ∈ L
Proof. See Appendix B.

Optimum system power consumption. The minimum-energy functions h∗n
and g∗ defined for stationary, randomized algorithms can be used to characterize
the minimum system energy consumption for the larger class of joint compression
and transmission scheduling algorithms.

Theorem 1 At each node n, let the r.v. An[t], t ≥ 0, be i.i.d. and the corresponding
data arrival process be ergodic with a steady state probability distribution pA. Let
the stochastic process representing the time varying channel state (~S[t]) be ergodic
with a steady state probability distribution πs. We assume that ~rmin = (rn

min) is
within the network capacity region. Then any joint compression and transmission
scheduling algorithm that stabilizes the queues ~U [t] = (Un[t]) requires an average
system power expenditure that satisfies:

lim inf
t→∞

1
t

t−1∑
τ=0

N∑
n=1

En
tot[τ ] ≥ P ∗av (28)
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where P ∗av is the optimal solution to the following optimization problem:

Minimize:

NX
n=1

(h∗n(rn)) + g∗(~f) (29)

subject to:

rn
min ≤ rn ≤ bE {An[t]} ∀ n ∈ N
~f = (fl)l∈L defines a valid network flow

Proof. See Appendix C.

In practice, solving the optimization problem in Equation (29) might not be pos-
sible as it requires exact knowledge of functions h∗n and g∗, which in turn requires
complete a priori knowledge of the distributions pA and πs. However, this for-
mulation is useful in showing the optimality characteristics of seec, as discussed
next.

seec Performance. The following theorem shows that seec can achieve near-
optimal performance, i.e., achieve power consumption arbitrarily close to P ∗av while
maintaining network stability and trading-off delay (as described below).

Theorem 2 Suppose the arrival process An[t] and the channel state ~S[t] are i.i.d.
across timeslots with distributions pA and πs, respectively. We assume that it is
possible to stabilize the network, i.e., ~rmin is strictly interior to the network capacity
region Γ. For any control parameter V > 0, the compression and transmit power
allocation algorithms (Equations (12) and (13)) achieve average power consumption
and queue backlogs that satisfy the following constraints:

Ptot = lim inf
t→∞

1

t

t−1X
τ=0

 
NX

n=1

En
tot[τ ]

!
≤ P ∗av +

BN

V
(30)

X
n

Un
M
= lim sup

t→∞

1

t

t−1X
τ=0

X
n

E {Un[τ ]}

≤ BN + V N(φmax + P̃max)

εmax
(31)

where the constant B is defined in Equation (18), and P̃max = Pmax +Precv(1−α+
αΩ̃max) with Ω̃max

M= maxn Ωn. The constant φmax denotes the maximum expected
power consumption for data compression across all nodes when, for each timeslot t,
the compression algorithm that is expected to consume maximum power is chosen.
It is defined as:

φmax
M= max

n

(
E

{
max
k∈K

[φ(An[t], k)]
})

(32)

where the expectation is over the random arrival process An[t]. εmax is the largest ε
such that r̂n = (rn

min+ε) ∈ Λ, i.e., if we increased the minimum possible compressed
data rate at node n, rn

min, by εmax, the resulting rate vector lies on the boundary
of the network capacity region Λ.

Proof. See Appendix F.
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Power consumption vs. delay trade-off. We can choose a large value for control
parameter V to make B/V arbitrarily small, and hence, achieve time average power
consumption Ptot arbitrarily close to the optimal value P ∗av. However, the total
average queue backlog

∑
n Un grows linearly in V . Thus, reducing the average

power expenditure by choosing a large value for V causes larger queue backlogs
resulting in longer delay in delivering data to the base-station. This O(1/V, V )
power consumption vs. delay trade-off is inherent in control algorithms designed
based on Lyapunov optimization techniques (Georgiadis et al. [2006]).

5. DSEEC: DISTRIBUTED ALGORITHM

seec’s performance bounds are derived for a timeslotted system. Under gen-
eral SINR constraints, finding the optimal transmission schedule for a timeslot
is NP-hard (Georgiadis et al. [2006]). However, for certain scenarios, for ex-
ample, a cell partitioned network, finding the optimal transmission schedule is
equivalent to finding a maximum weight matching in a graph with link-weights
dl[t] = Ul[t]µl[t] − V P̃ [t] (Georgiadis et al [2006]). Given the knowledge of the
complete network topology and the link-weights, a maximum weight matching can
be found in polynomial time.

In practice, most wireless systems (e.g., 802.11 or 802.15.4-based systems) are not
time-slotted. In the rest of this paper, we consider a distributed variant of seec,
called dseec, for multi-hop wireless networks based on practical MACs. dseec
uses the same compression algorithm as seec, since that algorithm only requires
local information. The key difference between dseec and seec is the transmission
algorithm, in which a node uses only information about queue backlogs from its
neighbors. Specifically, our transmission heuristic lets only nodes n with positive
link-weights, i.e., dl[t] > 0 for some link l = (n, ñ), contend for the wireless channel.
Several other heuristics have been proposed implementing such backpressure-based
scheduling with CSMA-based MACs (Umut et al. [2008], Warrier et al. [2007]);
Sridharan et al. [2008] show that the positive link-weight based heuristic performs
as well as others. Because dseec is not analytically tractable, we evaluate its
performance through simulation.

6. EVALUATION

In this section we evaluate the performance of our algorithm in simulation, on
topologies derived from real wireless testbeds and deployments. This section first
discusses our experimental methodology, then presents our results.

6.1 Methodology

We begin by describing our experimental methodology.

Implementation in Qualnet. Qualnet [2008] is a widely-used, high-fidelity,
packet-level wireless simulator. It has been used extensively for the evaluation
of mobile ad-hoc networks. In this paper, we use it to mimic a multi-hop wireless
data gathering network.

A constant bit rate (CBR) application in Qualnet drives our evaluation of dseec.
The CBR application generates data periodically. These data bytes are passed on
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to the compression module that decides whether to compress the data or not. The
output of the compression module is queued in a buffer at a wireless link/interface
awaiting transmission.

Hardware platform. The power consumption for data transmission and/or com-
pression depends on the hardware platform. In this paper, we model each node
as a LEAP2 (Stathopoulos et al. [2008]), an embedded networked sensor platform6

optimized for low power processing. The two main reasons behind our choice were:
(1) the LEAP2 platform can provide detailed, fine-grained, real-time energy usage
information, and (2) it provides significant computing resources (fast CPU speeds
up to 624 MHz, as well as a large memory and storage subsystem). Hence, it is
an ideal platform for developing energy aware applications and system components
such as the one described in this paper.

Data compression model parameters. To compute the average compression
energy φ(a, k), and the average data size after compression m(a, k), we use the

6We expect our results to generalize to other sensor platforms like the motes, although we have
not evaluated these platforms. Indeed, Sadler and Martonosi [2006] use these platforms to point
out that always compressing data is not necessarily energy-efficient.
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zlib compression libraries to compress the data collected during a real-world sensor
network deployment (Paek et al. [2006]). This deployment measured vibrations
on a large suspension bridge. In all our simulations, we use a single compression
algorithm (K = 1) (we have left an evaluation of K > 1 to future work). We model
the data arrival process at each node n, An[t], as a CBR application generating
600 bytes of data periodically. With each node n in our simulation, we associate
a sensor node ñ from the deployment in Paek et al. [2006]. We partition the data
collected by the node ñ during this deployment into slices of size 600 bytes, and
compress each slice separately using the compression function in zlib. We then set
m(An[t], 1) to be equal to the average data size achieved after compression across
these slices (with values ranging from 430 to 470 bytes).

Each simulation run is trace-driven, where each node periodically transmits suc-
cessive 600 byte slices from the corresponding trace in Paek et al. [2006]. If it
decides to compress a slice at time t, in simulation we actually compress the slice,
instead of (say) using the average.

To estimate φ(a, 1), we ran our compression program on a LEAP2 node, with
our traces as input. We measured the average CPU and memory (SDRAM) energy
consumption across several runs. We did not notice any significant variability in
the energy consumed for data compression on the LEAP2 node across different runs
with data from different nodes. For example, with default CPU speed settings for
the LEAP2 node, the average energy consumed for compressing 600 bytes of data,
by the CPU and the memory combined, was 3.35 mJ. Hence, in our simulations,
we model the energy consumed for data compression as a constant equal to 3.35
mJ for each node n (thus, φ(An[t], 1) is equal to 3.35 mJ for each node n).

Data Transmission model parameters. The LEAP2 platform supports 802.11
radios, with a measured radio power consumption of 400 mW, regardless of the
wireless interface state (transmitting, receiving or idle) (Stathopoulos et al. [2008]).
We use the 802.11b MAC and physical layer implementation in Qualnet in our
simulations. We set the maximum transmission rate to 2 Mbps, and the radio
power consumption to 400 mW when the wireless interface is in transmit or receive
state. We assume the existence of a scheme for radio duty cycling that turns off
the radio whenever possible, and discuss its impact in Section 6.2.

We activate RTS/CTS in 802.11. In our energy accounting, we assume simple
overhearing avoidance using RTS/CTS. Before transmitting a data packet, a node
n sends a request-to-send (RTS) control packet that identifies the intended des-
tination n̂. We assume that all nodes other than n̂ turn off their radios and do
not waste energy trying to receive the data packet transmitted by node n. Simi-
larly, all the nodes receiving the clear-to-send (CTS) packet sent by node n̂ to n
indicating that n̂ is expecting a packet from node n, turn off their radios as well.
In our simulations, each data packet is 684 bytes (600 bytes of payload plus 84
bytes of headers). RTS and CTS packets are 20 and 18 bytes, respectively. In
addition, the 802.11b implementation in Qualnet defines a 192 µs synchronization
time overhead associated with each transmission. For these values of packet sizes
and synchronization time overhead, the energy consumption due to receiving RTS
or CTS packets is within 10% of the energy consumed by the wireless interface for
receiving a packet. Thus, with RTS/CTS enabled, we set the parameter α in our
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transmission decision algorithm (Equation (13)) to 0.1.

Network topologies. For a fixed energy consumption by the radio and for data
compression, the network topology determines whether compressing data saves en-
ergy or not. Two network topology dependent factors can have an impact on the
energy savings due to data compression: (a) multi-hop routing and (b) the average
neighborhood size.

Intuitively, compressing data at a node that is multiple hops away from the sink
can reduce the total energy consumption in the network. Compression reduces
the total size of the data (hence, the number of packets) a node needs to trans-
mit. The energy saved from transmitting fewer packets over multiple hops can
offset the energy consumed for data compression, leading to a lower total energy
consumption (compared to not compressing data before transmission) (Salder and
Martonosi [2006]).

In addition, each data packet transmission incurs an energy consumption not
only at the intended receiver but also at nodes that are within the radio range of
the sender. A node with a large number of neighbors can reduce the total energy
consumption in the network by compressing data – the energy consumed for data
compression can be offset by the lower energy consumption for packet reception
(due to fewer packets being transmitted).

We evaluate the performance of our algorithm using three qualitatively different
data collecting trees: a cluster-tree (Figure 1), a shallow-tree (Figure 2), and a
deep-tree (Figure 3). These topologies represent different combinations of the two
factors – multi-hop routing and neighborhood sizes, as summarized in Table II.

# source avg. # Multi-hop
nodes neighbors paths

Cluster-tree 20 small (4) short (≤ 2)
Shallow-tree 25 large (11) short (≤ 2)
Deep-tree 25 medium (8) long (≤ 4)

Table II. Data Collection Trees

6.2 Energy Savings

In this section, we provide evidence which illustrates the need for dynamic compres-
sion decisions. We first show that realistic data collection topologies exist where
statically always compressing data may not be the most energy efficient strategy.
Then, we demonstrate dseec’s adaptability to varying wireless channel conditions,
application data rate changes, and diverse platform settings.

Parameters, Metrics, Alternatives. In our simulations, a CBR application
at each node generates 600 bytes of data every 5 seconds. In this regime, the
data rate is low enough that nodes compress data only to minimize energy, not to
stabilize queues. Incidentally, this is the rate at which data is generated at each
node in the original deployment. Each simulation run is 100 minutes long, so the
CBR application at each node generates ≈ 1200 data packets. Unless otherwise
specified, the control parameter V is set to 106 (we discuss dseec’s sensitivity to V
in Section 6.4), and the compression and data transmission parameters are set to
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the values given in Section 6.1. Finally, each simulation is averaged over 10 runs;
the 95% confidence intervals are too small to see on the graphs, so we omit those.

We compare dseec against two baseline strategies: (1) always compress and (2)
never compress. These are both static compression decisions that do not take the
(energy) cost of data compression relative to the cost of transmission into account.
To equalize the effect of transmission scheduling on energy consumption, we use
the same transmission decision algorithm (Equation (13)) for all strategies.

We use the time averaged total system power consumption as the performance
metric. This is computed as the total energy consumption across all nodes divided
by the duration of the experiment.

Motivating Dynamic Compression. Figure 4 depicts the total power consumed
by the different compression decision strategies, where the always compress strategy
dissipates more power than dseec for all three topologies – 34% for cluster-tree,
17% for shallow-tree, and 10% for deep-tree. In these topologies, the energy con-
sumed for compressing data is higher than the savings resulting from having to
transmit fewer packets as a result of data compression, so with dseec nodes never
compress data, and its system power consumption is the same as never compress.

Across topologies, two facts stand out. First, always compress consumes less
power in transmitting and receiving packets. This is expected since compressing
data reduces the number of packets each node has to transmit. Second, the power
savings achieved by dseec for the cluster-tree is significantly higher than for the
other two topologies. Nodes in the cluster-tree have both smaller neighborhood
sizes and shorter multi-hop paths than in the other topologies. In the shallow-tree
each node has a large number of neighbors. Thus, a significant fraction of the
energy consumed for data compression by always compress is offset by the lower
energy consumed for receiving data and control (RTS/CTS) packets. The deep-tree
topology has nodes with a large number of neighbors as well as nodes that are more
than 2 hops away from the sink, and the benefits of dseec are the least in this
case.

Finally, recall that dseec differs from seec as follows: it uses only local infor-
mation for transmission scheduling. To understand the performance hit caused
by local scheduling, we implemented seec without time slots (SEEC-WT), which
makes global scheduling decisions on top of a CSMA MAC. For our topologies,
the total energy consumed by dseec is comparable to that of SEEC-WT. The
difference is highest (about 9%) for the deep-tree topology, where transmissions
over multiple-hops can be better scheduled centrally. In practice, most wireless de-
ployments more closely match cluster-tree or shallow-tree, where dseec performs
extremely well.

Overall, this experiment demonstrates the effect of network topology on power
consumption and the benefits of using a dynamic algorithm for compression de-
cisions over statically always compressing data. dseec is able to determine this
without any explicit information about the multi-hop path used for delivering the
data to the sink or about the application data arrival process. In order to determine
a priori that nodes should not compress data, a system would need complete infor-
mation about dynamic quantities such as the network topology, the routing tree,
the data arrival rate, and the wireless link qualities.
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Duty-cycling overhead. The results shown in Figure 4 assume ideal duty-cycling,
i.e., that the radio is turned off whenever it is not transmitting or receiving. In
practice, due to the overhead incurred by the duty-cycling protocols, the radio will
remain in idle-state from time-to-time before it is turned off.

Figure 5 shows how the power savings achieved by dseec over always compress
varies as a function of the overhead of duty-cycling. This overhead is measured by
the fraction of the total experiment time that a node could have slept but stayed
awake to determine if it was appropriate to sleep, averaged over all nodes. For a
carefully-designed duty-cycling protocol, this overhead is topology-dependent but
is typically about 1-1.5%(Burri et al. [2007]). As the figure shows, dseec achieves
12-17% savings over the static decision in this regime.

6.3 Adapting to Dynamics

In practice, a static compression decision is undesirable not only because of the
detailed information needed for making such a decision, but also because the system
needs to adapt to changes in wireless channel conditions, application traffic demand
or platform settings. If the wireless link qualities and/or the application data
rate change significantly, then a static decision would have to be recomputed. In
contrast, dseec can dynamically adapt compression decisions.

Change in link quality. To show that dseec can adjust to changes in wireless
link quality we use the deep-tree topology and vary the quality of the link between
node 13 and the sink node 1 in two experiments. In the first experiment, termed
“good link”, none of node 13’s transmissions encounter channel errors. In the
second experiment, termed “bad link”, 20% of the transmissions by node 13 get
corrupted and not received successfully at node 1 (requiring node 13 to retransmit
these packets).

Table III depicts the fraction of packets compressed, by dseec, at all the nodes in
the deep-tree. For nodes in cluster 3 (nodes 19, 22-26), there is a significant increase
in the fraction of packets compressed in the “bad” link scenario. The rest of the
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Node ID Light Heavy Good link Bad link
Clique 1
2-12,14 0 0 0 0
Clique 2

13 0 0 0 0
15 0 2.7% 0 0
16 0 0.35% 0 0
17 0 31% 0 0
18 0 39.7% 0 0
20 0 1.8% 0 0
21 0 76.8% 0 0.7%

Clique 3
19 0 46.8% 0 0.5%
22 0 99.8% 0.1% 24.9%
23 0 99.8% 0.45% 34.3%
24 0 99.7% 3.2% 40.2%
25 0 99.3% 0 9.3%
26 0 42.4% 0.87% 2.4%

Table III. DSEEC, deep-tree: % of packets compressed; change in application load and link quality

nodes did not compress any packet in either scenario. The packet drops at node
13 result in retransmissions at the MAC layer. Packet retransmissions decrease the
effective transmission rate on the 13 → 1 link, which increases transmission energy
cost for all nodes routing data through that link. This increase in transmission
energy cost results in higher compression at nodes 22− 26 that are 3 or more hops
away from the sink. However, the increase in transmission energy consumption is
not large enough to trigger data compression at nodes that are 1 or 2 hops away from
the sink. Note that dseec makes these decisions without any explicit information
about the location of the “bad” link and the extent of packet drops on it.

Compression for queue stability. If the application data rate at a node is
greater than the rate R at which that node can transmit data to its parent, then,
in order to maintain a stable queue size, the node should compress data to match
the transmit rate. If R is small enough that every application packet must be
compressed, or if compression is energy-efficient, then the only possible decision is
to compress every packet. Otherwise, when compression is not energy-efficient and
R is smaller than the application rate but larger than the rate resulting from always
compressing the data, then a node can decide to compress a fraction of packets.
Moreover, nodes further away from the sink should compress a greater fraction of
packets than those closer to the sink. In the following simulations, we show that
dseec is able to make such fine-grain decisions dynamically on a per-packet basis.

We steadily increased the application data rate at the nodes in the deep-tree
topology until dseec started compressing each packet. We do this by decreasing
the packet inter-arrival time. To illustrate dseec’s dynamic adaptation to traffic
rates, we consider two data points: (1) Light load (300 milliseconds packet inter-
arrival time), and (2) Heavy load (180 milliseconds packet inter-arrival time).

Table III gives the percentage of application data compressed at each node for
the Light and Heavy load scenarios. As the application traffic load changes from
light to heavy, nodes in cliques 2 and 3 start compressing data, and more packets
are compressed by nodes in clique 3. Nodes in clique 1 do not compress data in the
two scenarios.

The level of data compression varies across different nodes due to the following
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Fig. 6. Avg. Queue backlog: Cluster-tree

reasons. The 13 → 1 link in the deep-tree topology is a bottleneck link for all
the nodes in cliques 2 and 3 trying to send data to the sink. Nodes in clique 1 are
outside the transmission range of nodes in clique 2 and 3. Hence, their transmission
rate is not affected by the increased contention amongst the nodes in clique 2 and 3
when the application data rate is increased. As a result, the application data rate
that can be supported without compression is smaller for nodes in cliques 2 and 3
compared to the nodes in clique 1. This is the reason why nodes in clique 1 never
compress the data in both scenarios.

In the Heavy load scenario, nodes in clique 3 compress more data than nodes
in clique 2 since they are further away from the sink, and hence, their data is
transmitted over more hops as compared to the nodes in clique 2.

Insight into dseec’s adaptability. To understand why dseec is able to adapt
to topology, link quality, and application data rate, without explicitly monitoring
each of these, it helps to look at the heart of the algorithm: the queue backlog at a
node determines the decisions made by dseec. As we discuss below, changing any
of these quantities manifests itself as a change in the queue backlog, which drives
the scheduling and compression decisions.

dseec’s transmission algorithm uses the differential queue backlog on a link (be-
tween a transmitter and its intended receiver) to schedule transmissions (Section 4,
Equation (13)). Under this scheduling policy, the queue backlog at a node is di-
rectly proportional to its hop-count distance from the sink. Figure 6 depicts average
queue sizes at the nodes in the cluster-tree topology, for dseec. The cluster head
nodes 2, 7, 12, and 16 that are one hop away from the sink have an average queue
backlog of 6 packets. The rest of the nodes that are two hops away from the sink
have an average queue backlog between 12−14 packets. With dseec’s compression
algorithm (Section 4, Equation (12)), nodes with higher queue backlog are more
likely to compress data. Hence, with dseec, nodes that are multiple hops away
from the sink have a higher likelihood of compressing data (due to their larger
queue sizes) compared to the nodes that are only 1 or 2 hops away .

A degradation in link quality and/or increase in application data rate can also
result in larger queue backlogs at all the nodes in network. An increase in queue
backlogs (for example, when the application traffic load changes from Light to
ACM Journal Name, Vol. V, No. N, Month 20YY.
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Heavy in Section 6.3) can cause dseec to change its compression decision. More-
over, the impact of any change in network conditions will always be more significant
at nodes that are farther away from the sink because these nodes have a larger queue
backlog compared to the nodes that are closer to the sink.
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Fig. 7. Different Platform

Different Platform Settings. dseec does not need to be modified in order to
support a different platform or different settings of the same platform. In these
cases, all we need to do is to specify the compression and transmission model
parameters (φ(a, k), m(a, k), Pmax) to dseec, and it will adjust its decisions to
optimize for that platform. Figure 7 shows the fraction of packets compressed
by the different nodes in the cluster-tree for the LEAP2 processor running at its
lowest speed (104 Mhz) with the radio operating at 1 Mbps. While dseec did
not compress any data packets earlier (cluster-tree, Figure 4), it now adapts its
compression decision to optimize for the different platform. Nodes that are 2 hops
away from the sink compress almost all their data packets, while nodes that are 1
hop away compress fewer data packets.

6.4 Sensitivity to V

The control parameter V impacts the energy-vs-delay trade-off. As discussed in
Section 4, increasing V reduces the system power consumption but increases the
average queue backlog in the system. We have found (results omitted for brevity)
that changing V even by 3 orders of magnitude results in a small impact on the
total system power consumption. Moreover, relative to a static strategy like always
compress, when V is varied from 103 to 3 × 106, dseec consumes from 8.7% to
10% less power. Intuitively, this relative insensitivity results from using the same
transmission decision strategy for all three compression strategies.

However, changing V does have an impact on the compression decisions made at
individual nodes. For V = 103 and V = 104, nodes 22−26 in clique 3 that are 3−4
hops from the sink compress more than 90% of their data packets, while nodes in
clique 2 that are 2− 3 hops from the sink compress between 50− 70% of their data
packets. For V ≥ 8× 105, none of the nodes compress any data packets. Figure 8
shows the cumulative distribution of the average queue backlog at each node in the
deep-tree for different values of V . It is evident that increasing V leads to higher
queue backlogs. For example, for V = 106 and V = 3× 106 node 26 has an average
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queue backlog equal to 29 and 86 packets, respectively. We obtained similar results
for the cluster-tree and the shallow-tree topologies, and do not present them due
to lack of space.

7. RELATED WORK

Most relevant to our work is Neely’s [2008] Lyapunov optimization based joint
compression and transmission scheduling algorithm for a single node transmitting
data to a base station over a single wireless hop. It does not consider energy
consumption due to packet receptions, overhearing and duty-cycling overhead that
must be accounted for in a multi-hop scenario, as we do. Also, that paper only
presents a theoretical analysis of the algorithm. In this paper, we provide analytical
bounds on the performance of seec and also evaluate a distributed version, dseec,
using simulations.

Two other works related to ours, focusing on compression in wireless networks
are Barr and Asanovic [2003], and Sadler and Martonosi [2006]. Specifically, Barr
and Asanovic [2003] consider a single wireless hop setting with fixed transmission
cost (equivalent to static channel condition), and focus on estimating the commu-
nication to computation energy ratios for several compression algorithms. Sadler
and Martonosi [2006] consider a multi-hop static setting, where they experimentally
demonstrate that compression can save significant amount of energy when data is
transmitted over multiple hops. They also develop variants of popular compression
algorithms more suited for sensor nodes with limited CPU processing speed and
memory. In contrast to both these papers, we discuss a principled technique for
making on-line compression and transmission decisions in a dynamic environment.
Our approach, based on the Lyapunov optimization techniques, also enables us to
provide performance guarantees for the centralized version of our algorithm.

Several papers have considered the complementary problem of joint routing and
data compression in wireless sensor networks (Pattem et al. [2006], Pattem et al. [2004],
Dang et al. [2007]). The main focus of these papers is to design data correlation
aware routing trees that enable nodes to achieve better compression efficiency (via
in-network aggregation and compression) compared to routing trees that are ag-
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nostic to data correlation. A version of seec that incorporates compression after
in-network data aggregation can be used on top of these joint routing and data
compression schemes to enable the nodes to adapt their compression decisions to
changes in the routing tree, in addition to link quality and application data rate.

Lyapunov optimization based techniques have also been used to design stable
algorithms that optimize different performance metrics (Georgiadis et al. [2006]).
For example, a joint transmit power allocation and transmission scheduling al-
gorithm (EECA) that minimizes the system energy expenditure is discussed in
Neely [2006]. seec’s transmission scheduling algorithm is similar to EECA in its
use of a differential queue backlog associated with links for making the transmis-
sion decision. However, unlike that work, we consider the energy consumption
due to data transmission, reception, and overhearing. Georgiadis et al. present
Lyapunov optimization based algorithms that maximize the total throughput or
achieve fair rate allocation across flows in addition to achieving network stability
(Georgiadis et al. [2006]).

An alternative technique for designing algorithms that can optimize a perfor-
mance metric and achieve network stability is discussed in Umut et al. [2008]. It
uses primal-dual gradient descent techniques to design a joint scheduling and con-
gestion control algorithm that also maximizes a utility function.

Finally, several recent papers have used backpressure based transmission schedul-
ing for distributed congestion control (Sridharan et al. [2008], Warrier et al. [2007]).
The key contribution in these papers is to design mechanisms that enable backpres-
sure based scheduling for CSMA based MACs (802.11 and 802.15.4). As discussed
in Section 5, their heuristics can be used in dseec.

8. CONCLUSIONS AND FUTURE WORK

In this paper, we have described the design of seec, a stable energy-efficient
compression and scheduling algorithm for multi-hop wireless networks. seec can
achieve near-optimal energy performance, and its distributed variant dseec adapts
to topology, link dynamics, platform settings, and application data rates without
explicitly taking those factors into account. We intend to pursue several future
directions, including extending seec to consider spatially correlated data, choice
of routing paths, compression at intermediate nodes (not just at the source), mul-
tiple radio transmit power levels, and bounded-distortion lossy compression. We
also intend to evaluate these extensions on dseec, and also evaluate dseec more
extensively, using multiple compression levels (K > 1), different platforms, larger
networks, and different compression algorithms.
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A. ALGORITHM DERIVATION

We provide the proof for Lemma 1

Proof. From (14) for each node n, we have:

1

2
(Un(t + 1))2 =

1

2
(max[Un[t]−

X

l∈Ωn

µ̃l[t], 0] + Rn[t] +
X

l∈Θn

µ̃l[t])
2

≤ 1

2
[(Un(t))2 + (

X

l∈Ωn

µ̃l[t] +
X

l∈Θn

µ̃l[t])
2]

+
1

2
(Rn[t])2 − Un[t]

 X

l∈Ωn

µ̃l[t]−
X

l∈Θn

µ̃l[t]

!

+Un[t]Rn[t]

and hence, the one-step Lyapunov drift for Un[t] is:

∆(Un[t]) ≤ B − Un[t]E

(X

l∈Ωn

µ̃l[t]−
X

l∈Θn

µ̃l[t] | Un[t]

)

+Un[t]E {Rn[t] | Un[t]} (33)

with the constant B defined as follows.

B M
= (Rmax + µin

max)2 + (µout
max)2

Rmax
M
= max

n
(E {Rn[t]})

µin
max

M
= max

(n,s∈S,P∈P)

X

l∈Θn

µ̃l[t]

µout
max

M
= max

(n,s∈S,P∈P)

X

l∈Ωn

µ̃l[t]

Using (33), the one-step Lyapunov drift for our system is

∆(~U(t)) ≤

BN −
NX

n=1

Un[t]E

(X

l∈Ωn

µ̃l[t]−
X

l∈Θn

µ̃l[t] | ~U [t]

)

+

NX
n=1

Un[t]E
n

Rn[t]|~U(t)
o

= BN −
X

n

E

(X

l∈Ωn

µ̃l[t]Ul[t] | ~U(t)

)

+

NX
n=1

Un[t]E
n

Rn[t]|~U(t)
o

where for link l = (n, n̂), Ul[t] is the differential queue backlog, i.e. Ul[t] =
Un[t]− Un̂[t].
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B. PROOF: LEMMA 2

The claims in Lemma 2 can be separated into two parts: the first part claims the
existence of a stationary randomized algorithm that makes compression decisions
based only on An[t] and ~S[t] (and independent of the queue backlogs), and achieves
the minimum possible energy consumption for compression, h∗n(rn), at each node;
the second part claims that the minimum possible energy consumption due to data
transmissions is also achievable by a stationary randomized algorithm that makes
transmit power allocation decisions based only on An[t] and ~S[t]. In the following
proof, we first show the existence of a stationary randomized algorithm for making
compression decision kn[t] that achieves energy consumption h∗n(rn) at each node
(Part 1), and then prove a similar result for transmit power allocation ~P [t] (Part
2).

Proof. Part 1. The function h∗n(rn) is defined as the infimum of E {En
C [t]}

over all stationary randomized policies for making the compression decision that
yield E {Rn[t]} ≤ rn. This definition implies that there exists an infinite sequence
of stationary randomized policies, indexed by i ∈ {1, 2, ....} that satisfy:

E
{

R(i)
n [t]

}
≤ rn ∀ i ∈ {1, 2, ...} (34)

lim
i→∞

E
{

E
n(i)
C [t]

}
= h∗n(rn) (35)

Each stationary randomized policy i is characterized by a collection of probabilities
(γ(i)

a,k) where a = An[t] ≤ m and k ∈ K. These probabilities can be viewed as a
finite dimensional vector belonging to a compact set Υ defined by the constraints

γ
(i)
a,k ≥ 0 ∀ a, k,

∑

k

γ
(i)
a,k = 1 ∀ k.

It follows from the properties of a compact set that the infinite sequence {(γ(i)
a,k)}∞i=1

contains a convergent subsequence that converges to (γ∗a,k) ∈ Υ. The probabilities
(γ∗a,k) define a stationary randomized policy k∗[t] with expectations E {R∗n[t]} and
E {En∗

C [t]}. The expectations E {Rn[t]} and E {En
C [t]} are linear functions of proba-

bilities (γa,k) as shown in equations (24)-(25). Hence, the properties (34)-(35) hold
in limit yielding E {R∗n[t]} ≤ r and E {En∗

C [t]} = h∗n(r). If E {R∗n[t]} = r, then the
proof is complete.

If E {R∗n[t]} < r, we can define an alternate policy k
′
(t) that chooses policy k∗[t]

with probability θ and with probability (1− θ) chooses not to compress data. The
value θ is chosen in such a way that

E
n

R
′
n[t]
o

= θE {R∗n[t]}+ (1− θ)bE {An[t]} = r.

The stationary randomized policy k
′
[t] cannot use more energy than the pol-

icy k∗[t] (because it consumes no energy when it chooses not to compress data
with probability (1 − θ)), and hence E

{
En′

C [t]
}
≤ h∗n(rn). But h∗n(rn) is the infi-

mum of energy consumption over all possible stationary randomized policies with
compressed data output rate at most rn. This implies that h∗n(rn) ≤ E

{
En′

C [t]
}

.
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Hence, E
{

En′
C [t]

}
= h∗n(rn), and thus we have proved the existence of a stationary

randomized policy k
′
[t] satisfying the constraints (26)-(27) in Lemma 2.

Part 2. Our claim that there exists a stationary randomized algorithm that makes
transmit power allocation based only on An[t] and ~S[t] such that:

E {µl[t]} = fl ∀ l ∈ L∑

l∈L
E

{
P̃ l∗[t]

}
= g∗(~f)

follows from the Graph Family Achievability lemma (Lemma 8, Chapter 4.3.2) in
Neely’s PhD thesis (Neely [2003]).

C. PROOF: THEOREM 1

Our proof of Theorem 1 is a generalization of the proof of a similar theorem proved
in Neely [2008]. Neely considers a single node wanting to deliver data to a sink over
a wireless link while our proof holds for the general case of multiple nodes trying
to deliver data to a sink over multiple hops.

Consider a policy that stabilizes the queues at all the nodes in the network. Let
~k[t] = {kn[t]}n∈N and ~Ptran[t] = {P l

tran[t]}l∈L be the compression and transmission
power decisions for this policy where kn[t] ∈ K for all n, t and P tran[t] ∈ P for
all t. Let Rn[t] and Pn

comp[t] be the compression module output process and the
power expenditure, respectively, at node n due to compression decision kn[t]. Let
µl[t] = Cl(~Ptran[t], ~S[t]) be transmission rate process for link l.
We want to prove that

Ptot
M
= lim inf

t→∞
1

t

t−1X
τ=0

NX
n=1

En
tot[τ ] (36)

= lim inf
t→∞

1

t

t−1X
τ=0

NX
n=1

 
En

C [τ ] +
X

l∈Ωn

(El
T [τ ] + El

R[τ ] + El
B [τ ])I(P l

tran[τ ])

!
(37)

= lim inf
t→∞

1

t

t−1X
τ=0

0
@

NX
n=1

P n
comp[τ ] +

X

l=(n,n̂)∈L
P̃ l[τ ]

1
A (38)

≥ P ∗av (39)

where P̃ l[τ ] = P l
tran[τ ]+I(P l

tran[τ ])[1+α(|Ωn|−1)]Precv for each link l = (n, n̂), P ∗av

is the minimum time average power consumption required to stabilize the queues
(defined in Theorem 1). Equation (37) follows from (9), and (38) follows from
(6)-(8).
The following two lemmas are needed for our proof.

Lemma 3 If there exist vectors of constants ~r = {rn}n∈N and ~Pc = {Pn
c }n∈N
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with an infinite sequence of timeslots {ti}∞i=1 such that:

lim
i→∞

1
ti

ti−1∑
τ=0

E {Rn[τ ]} = rn (40)

lim
i→∞

1
ti

ti−1∑
τ=0

E
{
Pn

comp[τ ]
}

= Pn
c (41)

then Pn
c ≥ h∗n(r) for all n ∈ N , and hence

∑N
n=1 Pn

c ≥ ∑N
n=1 h∗n(r).

Proof. See Appendix D.

Lemma 4 If there exist vector of constants ~w = {wl}l∈L and ~Ptr = {P l
tr}l∈L with

an infinite sequence of timeslots {ti}∞i=1 such that:

lim
i→∞

1
ti

ti−1∑
τ=0

E {µl([τ ]} = wl (42)

lim
i→∞

1
ti

ti−1∑
τ=0

E
{
P l[τ ]

}
= P l

tr (43)

then
∑

l∈L P̃ l ≥ g∗(~w), where for P̃ l = P l
tr + Precv(1 + α(|Ωn| − 1))I(P l

tr) for each
link l = (n, n̂).

Proof. See Appendix E.

Let the lim inf total power expenditure Ptot defined in equation (36) be achieved
over an infinite sequence of timeslots {ti}∞i=1, i.e.

lim inf
i→∞

1
ti

ti−1∑
τ=0

N∑
n=1

En
tot[τ ] = Ptot (44)

For any timeslot t, we define:

R̂n[t] =
1
t

t−1∑
τ=0

E {Rn[τ ]} , P̂n
comp[t] =

1
t

t−1∑
τ=0

E
{
Pn

comp[τ ]
}

µ̂l[t] =
1
t

t−1∑
τ=0

E {µl[τ ]} , P̂ l
tran[t] =

1
t

t−1∑
τ=0

E
{
P l

tran[τ ]
}

Note that for all timeslots t, we have:

0 ≤ R̂n[t] ≤ bE {A[t]} , 0 ≤ P̂n
comp[t] ≤ φmax (45)

0 ≤ µ̂l[t] ≤ µmax, 0 ≤ P̂ l
tran[t] ≤ Pmax (46)

We define a 2× (N + |L|) dimensional vector as follows:

V [ti] =
(
{R̂n[ti], P̂n

comp[ti]}n∈N , {µ̂l[ti], P̂ l
tran[ti]}l∈L

)

It follows from constraints (45) and (46) that the vectors {V [ti]}∞i=1 form an infinite
sequence in a 2×(N+|L|) dimensional compact set,and hence, this infinite sequence
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a convergent subsequence. Let {t̃i}∞i=1 represent this convergent subsequence of
timeslots such that there exists a vector of constants

v =
({rn, Pn

c }n∈N , {wl, P
l
tr}l∈L

)

satisfying:
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i→∞

1
t̃i

t̃i−1∑
τ=0

E {Rn[τ ]} = rn ∀ n ∈ N

lim
i→∞

1
t̃i

t̃i−1∑
τ=0

E
{
Pn

comp[τ ]
}

= Pn
c ∀ n ∈ N

lim
i→∞

1
t̃i

t̃i−1∑
τ=0

E {µl[τ ]} = wl ∀ l ∈ L

lim
i→∞

1
t̃i

t̃i−1∑
τ=0

E
{
P l

tran[τ ]
}

= P l
tr ∀ l ∈ L

Thus, we have vectors ~r = {rn}n∈N and ~Pc = {Pn
c }n∈N , and an infinite sequence

of timeslots {t̃i}∞i=1 satisfying constraints (40) and (41). Hence, from Lemma 3, we
have

∑

n∈N
Pn

c ≥
∑

n∈N
h∗n(rn)

Similarly, for vectors ~w = {wl}l∈L and ~Ptr = {P l
tr}l∈L, from Lemma 4, we have

∑

l∈L
P̃ l ≥ g∗(~w)

where P̃ l = P l
tr + Precv(1 + α(|Ωn| − 1))I(P l

tr).
Due to the fact that {t̃i}∞i=1 is an infinite subsequence of the original sequence

{ti}∞i=1, from equation (36), we have

Ptot = lim inf
i→∞

1
t̃i

t̃i−1∑
τ=0

N∑
n=1

En
tot(τ)

=
∑

n∈N
Pn

c +
∑

l∈L
P̃ l

≥
∑

n∈N
h∗n(rn) + g∗(w) (47)

To compare the P ∗av value against the value on the right hand side of the inequality
(47), we use the fact that the queues are stable. Since the queues are stable for
rate vector ~r, it follows from the definition of the network capacity region Λ that
~r ∈ Λ. Furthermore, from the discussion on the conditions for achieving stability in
Section 4.2, ~r ∈ Λ implies that there exist variables ~f = (fl)l∈L defining a network
flow (satisfying constraints (21)-(23)). Since, the transmission scheduling algorithm
achieves rate wl on link l, in order to achieve stability, we must have fl ≤ wl for all
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l ∈ L. This implies g∗(~f) ≤ g∗(~w). Therefore, from constraint (47), we have

Ptot ≥
∑

n∈N
h∗n(rn) + g∗(~w)

≥
∑

n∈N
h∗n(rn) + g∗(~f) (48)

Using the definition of rn
min, it is straight forward to show that

rn
min ≤ rn ≤ bE {A[t]} ∀ n ∈ N (49)

Since P ∗av is defined as the minimum time average power expenditure required to
stabilize a network with compression module output rates {rn}n∈N (see Theorem
1), it follows that

Ptot ≥
∑

n∈N
h∗n(rn) + g∗(w) ≥ P ∗av (50)

We have shown that the inequality (50) holds for any joint compression and trans-
mission power control algorithm that stabilizes all the queues in the network, and
hence, proved the claim in Theorem 1.

D. PROOF OF LEMMA 3

We prove the Lemma 3 in this section.

Proof. Assume that equations (40) and (41) are satisfied for all n ∈ N . For all
timeslots t, using iterated expectations, for all n ∈ N , we have

E {Rn[t]} = E {E {Rn[t] | An[t], kn[t]}}
= E {m(An[t], kn[t])}

E
{
Pn

comp[t]
}

= E
{
E

{
Pn

comp[t] | An[t], kn[t]
}}

= E {φ(An[t], kn[t])}
Equations (40) and (41) can be re-written as

lim
i→∞

1
ti

ti−1∑
τ=0

E {m(An[τ ], kn[τ ])} = rn (51)

lim
i→∞

1
ti

ti−1∑
τ=0

E {φ(An[τ ], kn[τ ])} = Pn
c (52)

For any timeslot t, we can write

1
t

t−1∑
τ=0

E {m(An[τ ], kn[τ ])}

=
m∑

a=0

∑

k∈K

1
t

t−1∑
τ=0

m(a, k)pA(a)Pr[kn[τ ] = k | An[τ ] = a)]

=
m∑

a=0

∑

k∈K
m(a, k)pA(a)γa,k[t] (53)
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where the probabilities (γa,k[t]) are defined as

γa,k[t]M=
1
t

t−1∑
τ=0

Pr[kn[τ ] = k | An[τ ] = a)]

Similarly, for any timeslot t, we can write

1
t

t−1∑
τ=0

E {φ(An[τ ], kn[τ ])} =
m∑

a=0

∑

k∈K
φ(a, k)pA(a)γa,k[t] (54)

It is straightforward to show that (γa,k[t]) satisfies the following constraints for all
timeslots t.

∑

k∈K
γa,k[t] = 1 ∀ a (55)

γa,k[t] ≥ 0 ∀ a, k (56)

By substituting (53) and (54) into equations (51) and (52), we get

lim
i→∞

1
ti

m∑
a=0

∑

k∈K
m(a, k)pA(a)γa,k[ti] = rn (57)

lim
i→∞

1
ti

m∑
a=0

∑

k∈K
φ(a, k)pA(a)γa,k[ti] = Pn

c (58)

The constraints (55)-(56) imply that the probability vector (γa,k[t]) is contained
in a finite dimensional compact set Υ for all timeslots t. It follows that the vec-
tors {γa,k[ti]}i=1∞ form an infinite sequence in a compact set, and hence, there
must exist a (infinite) subsequence of timeslots {t̃j}∞j=1 for which the subsequence
{γa,k[t̃j ]}∞j=1 converges to a point (γ∗a,k) in the set Υ. The following constraints
must hold for (γ∗a,k).

γ∗a,k ∀ a, k (59)
∑

k∈K
γ∗a,k = 1 ∀ a (60)

m∑
a=0

∑

k∈K
m(a, k)pA(a)γ∗a,k = rn (61)

m∑
a=0

∑

k∈K
φ(a, k)pA(a)γ∗a,k = Pn

c (62)

The constraints (59)-(60) follow (γ∗a,k) belongs to the compact set Υ defined by (55)-
(56). The equalities (61)-(62) hold because {t̃j}∞j=1 is a subsequence of the original
sequence of timeslots {ti}∞i=1, and hence the limits in (57)-(58) are preserved when
taken over the subsequence {t̃j}∞j=1.

It follows from the definition of h∗n(rn) (see Definition 1 in Section 4.2) that
(γ∗a,k) and Pn

c satisfying constraints (59)-(62) form a particular a solution of the
optimization problem of Definition 1. Therefore, Pn

c ≥ h ∗n (rn) because h∗n(rn) is
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the infimum value over all solutions. Since Pn

c ≥ h∗n(rn) holds for all n ∈ N , this
also implies

∑
n∈N Pn

c ≥ ∑
n∈N h∗n(rn).

E. PROOF OF LEMMA 4

Assume that equations (42) and (43) hold for all links l ∈ L. As in the proof for
Lemma 3, for all links l ∈ L, we can use iterated expectations to write

E {µl[τ ]} = E
{
E

{
µl[τ ] | ~S[τ ] = ~s

}}

= E
{
E

{
Cl(~P [τ ], ~s) | ~S[τ ] = ~s

}}

=
∑

~s∈S
π~sE

{
Cl(~P [τ ], ~s) | ~S[τ ] = ~s

}
(63)

Similarly, we can use iterated expectations to write

E
{
P l

tran[τ ]
}

=
∑

~s∈S
π~sE

{
P l

tran[τ ] | ~S[τ ] = ~s
}

(64)

By substituting (63) and (64) into equations (42) and (43), respectively, we have
the following equalities for any timeslot t

1
t

t−1∑
τ=0

E {µl[τ ]} =
∑

~s∈S
π~sµ

~s
l [t] (65)

1
t

t−1∑
τ=0

E
{
P l

tran[τ ]
}

=
∑

~s∈S
π~sP

~s
l [t] (66)

where for each ~s ∈ S, µ~s
l [t] and P~s

l [t] are defined for all l ∈ L as

µ~s
l [t]

M=
1
t

t−1∑
τ=0

E
{

Cl(~P [τ ], ~s) | ~S[τ ] = ~s
}

P~s
l [t] M=

1
t

t−1∑
τ=0

E
{

P l
tran[τ ] | ~S[τ ] = ~s

}

For each channel state ~s and timeslot t, the values (µ~s
l [t], P

~s
l [t])l∈L defined above

belong to convex hull of the set Υ~s defined as follows:

Υ~s
M={(µl, Pl)l∈L | ~P = (Pl)l∈L ∈ P, µl = Cl(~P ,~s)}

The set Υ~s is |L| × 2-dimensional. For each l ∈ L, µ̂~s
l and P̂~s

l are real valued,
and hence, we can think of the set Υ~s as consisting of vectors in R2|L|. It follows
from Carathéodory’s theorem [2003] that any element (µ~s

l , P
~s
l )l∈L contained in the

convex hull of Υ~s can be represented as a convex combination of at most 2|L|+ 1
elements of Υ~s. Thus, there exist (transmit) power vectors ~P~s

j [t] = (P~s
l,j [t])l∈L ∈ P
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and probabilities (α~s
j [t]) for j = 1, 2, . . . , 2|L|+ 1 such that for each link l ∈ L:

P̂~s
l [t] =

2|L|+1∑

j=1

α~s
j [t]P

~s
l,j [t] (67)

µ̂~s
l [t] =

2|L|+1∑

j=1

α~s
j [t]Cl(~P~s

j [t], ~s) (68)

2|L|+1∑

j=1

α~s
j [t] = 1 (69)

α~s
j [t] ≥ 0 ∀ j (70)

The constraints (69) and (70) imply that the probabilities (α~s
j [t]) are a vector of

values contained in a finite (2|L| + 1) dimensional compact set for all timeslots t.
Similarly, for all timeslots t, the power vector ~P~s

j [t] = (P~s
l,j [t])l∈L corresponding to

the probabilities (α~s
j [t]) belongs to the compact set P for all j ∈ {1, 2, . . . , 2|L|+1}.

For the infinite sequence of timeslots {ti}∞i=1, for each j = 1, 2, . . . , 2|L| + 1,
the probability vectors {(α~s

j [ti])}∞i=1 form an infinite sequence contained in a com-
pact set Υ. Hence, there exists a subsequence of timeslots {t̃i}∞i=1 for which the
subsequence {(α~s

j [t̃i])}∞i=1 converges to a probability vector (α̃~s
j) ∈ Υ for each

j = 1, 2, . . . , 2|L| + 1. Similarly, for each j = 1, 2, . . . , 2|L| + 1, the subsequence
of (transmit) power vectors ~P~s

j [t̃i] = (P~s
l,j [t̃i])l∈L converges to a transmit power

vector ~̂
P~s

j = (P̂~s
l,j)l∈L belonging to P.

Using equations (67) and (68), and the properties of convergent sequences, for
the subsequence of timeslots {t̃i}∞i=1, we can write

lim
i→∞

P~s
l [t̃i] =

2|L|+1∑

j=1

α̃~s
j P̂

~s
l,j (71)

lim
i→∞

µ~s
l [t̃i] =

2|L|+1∑

j=1

α̃~s
jCl(

~̂
P~s

l , ~s) (72)

where equation (72) follows from the fact that the rate-power functions Cl(p, s) are
continuous, and hence,

lim
i→∞

Cl(~P~s
j [ti], ~s) = Cl( lim

i→∞
~P~s

j [ti], ~s) = Cl(
~̂
P~s

j , ~s)
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Using equations (43), (66), (67), and (71), for each link l ∈ L, we can write

P l
tr = lim

i→∞
1
ti

ti−1∑
τ=0

E
{
P l

tran[τ ]
}

= lim
i→∞

1
t̃i

t̃i−1∑
τ=0

E
{
P l

tran[τ ]
}

(73)

= lim
i→∞

∑

~s∈S
π~sP

~s
l [t̃i]

= lim
i→∞

∑

~s∈S
π~s




2|L|+1∑

j=1

α~s
j [t̃i]P

~s
l,j [t̃i]




=
∑

~s∈S
π~s




2|L|+1∑

j=1

α̃~s
j P̂

~s
l,j


 (74)

where the equality (73) holds because {t̃i}∞i=1 is an infinite subsequence of the
original sequence of timeslots {ti}∞i=1, and hence the limit is preserved when taken
over this subsequence.

Similarly, using equations (42), (65), (68), and (72), for each l ∈ L, we have

wl = lim
i→∞

1
ti

ti−1∑
τ=0

E
{
µl

tran[τ ]
}

=
∑

~s∈S
π~s




2|L|+1∑

j=1

α̃~s
jCl(

~̂
P~s

j , ~s)


 (75)

We can use the probability vector (α̃~s
j), j = 1, . . . , 2|L|+1, to define a stationary

randomized policy that chooses transmit power vector ~̂
P~s

j during any timeslot t

with probability α̃~s
j . It follows from (73)-(74), and (75) that this policy achieves an

expected transmission rate wl for each link l ∈ L with an expected power consump-
tion P̃ l associated link l = (n, n̂), where P̃ l = P l

tr + Precv(1 − α + α|Ωn|). Thus,
(α~s

j) and (P̃ l) form a particular solution to the optimization problem of Definition
2. Since g∗(~w) is defined as the infimum value of the total transmission power
consumption over all stationary randomized policies that satisfy the constraints in
Definition 2, it follows that

∑
l∈L P̃ l ≥ g∗(~w).

F. ALGORITHM PERFORMANCE

In this section, we prove Theorem 2.

Proof. The following lemma from Georgiadis et al. [2006] is needed for our
proof.

Lemma 5 Let L(~U [t]) be a non-negative function of ~U [t] with Lyapunov drift
∆(~U [t]) defined in (16). If there are stochastic processes γ[t] and β[t] such that for
every timeslot t and for all possible values of ~U [t], the Lyapunov drift satisfies:

∆(~U [t]) ≤ E
n

β[t]− γ[t] | ~U [t]
o

(76)

then,

lim sup
t→∞

1

t

t−1X
τ=0

E {γ[t]} ≤ lim sup
t→∞

1

t

t−1X
τ=0

E {β[t]}
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seec minimizes the right hand side of the Lyapunov drift expression (19). Hence,
for any other (possibly randomized) algorithm that makes compression decisions
k∗n[t] and chooses transmit power P ∗tran[t], we have:

∆(~U(t)) + V

NX
n=1

E
n

En
tot[t] | ~U(t)

o
≤

BN −
X

n

E

(X

l∈Ωn

µ̃l[t]Ul[t]− V P̂ [t] | ~U(t)

)

+

NX
n=1

E
n

Un[t]m(An[t], k∗n[t]) + V φ(An[t], k∗n[t]) | ~U [t]
o

(77)

with P̂ [t] = P l∗
tran[t] + I(P l∗

tran[t])[1 + α(|Ωn| − 1)]Precv.
Let ~r = (rn), and ~f = (fl)l∈L represent compressed data rate and transmission

rate vector defining a network-flow (satisfying equations (21)-(23)). Let k∗n[t] and
~P ∗n [t] represent the compression and transmit power allocations made by a station-
ary randomized policy that yields:

E {En
C [t]} = E {φ(An[t], k∗n[t])} = h∗n(r) ∀ n (78)

E {Rn[t]} = E {m(An[t], k∗n[t])} = rn (79)
X

l∈L
E
n

P̃ l∗[t]
o

= g∗(~f) (80)

E {µl[t]} = fl ∀ l ∈ L (81)

Lemma 2 guarantees the existence of such a policy. The decision k∗n[t] and ~P ∗[t]
made by a stationary randomized algorithm are independent of the queue backlogs
~U [t]. Thus, the expectations in (78)-(81) are the same when conditioned on ~U [t].
Substituting (78)-(81) into the right hand side of (77), and re-arranging the terms,
we get:

∆(~U(t)) + V

NX
n=1

E
n

En
tot[t] | ~U(t)

o
≤

BN −
X

n

Un[t]

 
(
X

l∈Ωn

fl −
X

l∈Θn

fl)− rn

!

+V

 X
n

(h∗n(rn)) + g∗(~f)

!
(82)

The above inequality holds for all ~r and ~f . In particular, it also holds for the ~r∗

and ~f∗ that optimize (28)-(29) in Theorem 1 such that P ∗av =
∑

n(h∗n(r∗n))+g∗(~f∗),
and

∑
l∈Ωn

f∗l −
∑

l∈Θn
f∗l = r∗n. Plugging this into (82), we have:

∆(~U(t)) + V

NX
n=1

E
n

En
tot[t] | ~U(t)

o
≤ BN + V P ∗av (83)

Using the drift inequality (83) in Lemma 5 with γ[t] = V (
∑

n En
tot[t]) and β[t] =

BN + V P ∗av yields P tot ≤ P ∗av + BN/V .
Similarly, choosing ~r = (rn

min) and the corresponding flow vector ~f such that
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∑

l∈Ωn
fl −

∑
l∈Θn

fl = rn
min + ε, from (83), we get

∆(~U(t)) + V

N∑
n=1

E
{

En
tot[t] | ~U(t)

}
≤

BN −
∑

n

Un[t]ε + V

(∑
n

(h∗n(rn
min)) + g∗(~f)

)
(84)

Since En
tot ≥ 0 for all n, from (84), we have

∆(~U(t)) ≤ BN −
∑

n

Un[t]ε + V

(∑
n

(h∗n(rn
min)) + g∗(~f)

)
(85)

From the definition of φmax, we have h∗n(rn
min) ≤ φmax for all n. Also, since

P l
tran[t] ≤ Pmax for all links l during any timeslot t, we have g∗(~f) ≤ |L|P̃max

where P̃max = Pmax + Precv(1− α + α|Ωmax|) with Ωmax
M= maxn Ωn. For the data

collection using a routing tree scenario considered in this paper, each node has only
one outgoing link, and hence, g∗(~f) ≤ NP̃max. Substituting the upper bounds on
h∗n(rn

min and g∗(~f) in (86), we get

∆(~U(t)) ≤ BN −
∑

n

Un[t]ε + V N(φmax + P̃max) (86)

Using the drift inequality (87) in Lemma 5 with γ[t] =
∑

n Un[t]ε and β[t] =
BN + V (Nφmax + |L|Pmax), we get

∑
n

Un ≤ BN + V N(φmax + P̃max)
ε

(87)

The average total queue backlog bound in (87) holds for any value of ε > 0. A
particular choice of ε affects only the bound and does not affect the compression
and transmit power allocation decisions in seec or any the sample path of system
dynamics. Hence, we can minimize the bound in (87) by choosing the largest
feasible ε such that rn

min + ε ∈ Λ (defined as εmax yielding:

∑
n

Un ≤ BN + V N(φmax + P̃max)
εmax
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