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Abstract— We study online energy-efficient packet scheduling
in a multi-user AWGN channel. The objective is to minimize
the overall energy consumption in both transmission and circuit
by adapting packet transmission rates with individual packet
delay constraints. The scheduling is online in the sense that
the transmission rates are determined without any assumption
about future packet arrivals. We consider a transmitter with a
general input and the transmitter communicates with multiple
receivers with different distances, which means packets may have
different power characteristics and delay constraints. We propose
to conduct online rate assignment based on backlogged packets
and derive the optimal algorithm in transmitting the packets. We
compare the proposed scheduler with existing online algorithms
via simulation in terms of energy consumption and algorithms
efficiency. Results demonstrate the effectiveness of the online
algorithms in striking a better energy-delay trade-off.

I. I NTRODUCTION
Power efficiency is a key design requirement in battery
powered systems. Reliable packet delivery over a wireless
channel is a major source of energy expenditure. It is essential
to reduce power consumption of packet transmission without
performance degradation. The objective of this study is to improve the overall energy efficiency while guarantee individual
packet delay constraints.
It is known that power consumption between two points over
a wireless channel is exponentially related to the information
transmission rate [1]. A linear increase of transmission time
can achieve super-linear energy savings. On the other hand,
applications are usually delay-sensitive. The transmission time
cannot be arbitrarily long. Researchers have proposed different
approaches to deal with the energy-delay tradeoff. In [1],
[5], [16], [18], average queueing delay was considered as a
constraint in energy minimization. In [10], [11], [20], [24], a
single deadline for all packets was set so that all arrivals in
time [0, T ) have to be transmitted before time T . Both average
delay and single deadline constraints provide a delay guarantee
for a group of packets; transmission delay of individual packet
can still be large.
A recent research focus is on delay sensitive applications
with individual packet delay constraints, under which each
packet transmission must finish before its deadline. The objective is to determine packet transmission rates so that the transmission energy consumption is minimized and delay constraint
of each packet is satisfied. Extensive studies were conducted
along the line for offline packet scheduling, in which all

packet timing information is available offline in order to
determine packet transmission rates, or service times similarly.
Researchers have studied the problem with different focuses,
such as on a special application model (periodic streams) [19],
offline generalization [23], distinguished characteristics of
different packets [15], properties of offline schedulers [2] [3].
Practically, packet arrivals turn to be more dynamic and we
cannot always have full knowledge about future arrivals at
design time. There exist packet schedulers based on limited
assumption about future packet arrivals. The input is assumed
to be independent and identically distributed (i.i.d.) over
different time slots in [18]. Input time-correlation is required
in [26]. A poisson input with known packet statistics is studied
in [23]. Knowledge about future packets releases in a small
timing window is assumed in [15]. The knowledge about input
correlation and/or distribution is not always available; accurate
prediction of future packet arrivals even in a small window is
hard, if possible.
A more realistic and general approach is to scheduling
packets without a priori knowledge about packet arrivals.
Decisions are made based on history packet arrivals or backlogged packets. As only limited information is available, it
is challenging to derive an online energy-efficient scheduler.
Furthermore, by making decisions online, the scheduler needs
to be invoked frequently at the time of packet arrivals or
departures. The decision must be made efficiently with a low
time complexity. There are only limited results for online
packet scheduling [13] [3]. Packets are assumed to have
identical delay constraints in [3]. Both work assume packets
have identical power characteristics and they only minimize
the transmission power consumption.
The main contribution of this work is that we consider
a general case in which a transmitter communicates with
multiple receivers. This implies that packets may have different
communication distances (power characteristics) and delay
constraints, which make the assumptions of previous work no
longer valid. In addition, we also consider the overall energy
consumption, including both transmission and circuit energy.
Transmission power consumption dominates the overall circuit
power at long communication radius. At short distance, however, circuit power becomes a non-negligible factor in determining packets transmission rates. These characteristics play
a key role in determining energy efficient packet transmission
rates. We first consider a static version of the problem in

transmitting all backlogged packets and derive the optimal
rate assignment for each packet. By dynamically updating
the packets in the backlogged queue and invoking the static
assignment algorithm, we are able to adapt the algorithm for
dynamic packet arrivals.
A special case of our work is when all receivers are at the
same distance and the circuit power is small enough to be
ignored. In such cases, our problem formulation is similar to
those in [13] [3]. Our proposed algorithm can be reduced to
an algorithm with a linear time complexity in the number of
backlogged arrivals, in contrast to the algorithms in [13] [3]
with a square time complexity.
The rest of the paper is organized as follows. Section
II presents system model of our online packet scheduler.
Optimal online packet scheduling algorithms are presented in
Section III. Section IV verifies the analytical results through
simulation. In Section V, we review related studies. Section VI
concludes the article.
II. S YSTEM M ODEL
We consider a wireless environment where a single node
transmits packets to multiple receivers. The transmitter communicates with one receiver at a time. Data are generated in
the transmitter node and put into the transmitter buffer before
they are forwarded to different receivers. Each packet has a
delay constraint and should be transmitted no later than the
deadline.
We assume the channel between the transmitter and the
receivers is an Additive White Gaussian Noise (AWGN)
channel and the interference to the receiver is negligible,
as in [2], [3], [13], [15], [23]. Using adaptive modulation
scaling or channel coding can reduce the energy consumption
in wireless communication. The maximum channel capacity
R under optimal channel coding is:
Pr
B
log2 (1 +
) bits/s,
2
NB
where N is the noise power, P r is the received signal power,
and B denotes the channel bandwidth. We can express the
received power as:
R=

2R

P r = N B(2 B − 1).

(1)

Considering the effect of path attenuation, we have
N B 2R
Pr
=
(2 B − 1),
(2)
A
A
where A is the attenuation factor and P t is the transmission
power. The transmission power function is monotonically
increasing and strictly convex with respect to R. The same
characteristics of power function apply even if sub-optimal
channel coding is deployed [20]. This means even a small
reduction in the transmission rate or increase in transmission
delay can lead to a large energy saving. Let l be the distance
between the transmitter and the receiver. It is typically observed A ∝ l−2 [6]. As receivers may have different distances
to the transmitter, the power consumed in transmitting packets
to each receiver is generally different.
Pt =

Power consumption of a wireless transmitter, however, also
includes that of the electronic circuitry for Digital-to-Analog
converter, mixer, and frequency synthesizer, etc. The circuit
power, denoted by P e , can be expressed as [4]
P e = C · B,

(3)

where C is a constant depending on the circuit.
Combining (2) and (3), we can express the total energy
consumption in transmitting a bit as
1
N 2R
B
= ( (2 B − 1) + C) .
(4)
R
A
R
Considering the effect of circuit power, the total energy
consumption does not strictly increase with transmission rate.
Similar to the studies on Quadrature Amplitude Modulation
(QAM) by [19] [22], we define the rate that minimizes the total
energy E as the energy-efficient rate, denoted by Rmin . Below
this rate, both the transmission energy and time increase,
which is not desirable. The best strategy is to transmit packets
at a rate no lower than the minimum rate and put the circuit
into sleep state afterward. We ignore sleep power in our model,
which can be easily extended by incorporating the power into
circuit power consumption.
E = (P t + P e )

III. E NERGY E FFICIENT O NLINE S CHEDULING
As we consider online packet scheduling without assumption about future packet arrivals, it is not possible to derive
the offline optimal policy with all packet information known
before their arrivals. Instead, we try to minimize energy
consumption of all backlogged packets in the transmitter, in
a similar way to the reward maximization problem in [8] [7]
[14]. In the following, we will first study a higher-level rate
assignment problem considering backlogged packets; then we
will show it is readily applicable to dynamic packet arrivals
by being invoked at each packet arrival.

A. Problem Formulation Based on Backlogged Packets
Consider n packet arrivals ready for transmission at a time,
starting from time 0 for brevity. We refer to the n arrivals as
message streams (streams for short) and order them according
to their increasing order of deadlines, d1 ≤ ... ≤ dn . Stream i
i
has Xi bits to transmit. It takes X
Ri for stream i to complete
at a rate Ri , We denote the attenuation factor of stream i as
Ai . The power function at a rate Ri for stream i is
Pi (Ri ) =

N 2Ri
Pir (Ri )
+ CB = ( (2 B − 1) + C)B.
Ai
Ai

i
The energy consumption of stream i is then Pi (Ri ) X
Ri . We
represent its minimum energy-efficient rate as Rimin . Given
a set of n streams, we need to find an assignment of rates
Ri (1 ≤ i ≤ n) so that the overall energy consumption is
minimized while all streams finish before their deadlines. The
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problem can be formulated as
minimize

subject to

n
X
i=1
j
X
i=1

Pi (Ri )

Xi
Ri

(5)

Xi
≤ dj , 1 ≤ j ≤ n
Ri

Rimin ≤ Ri ≤ Rimax , 1 ≤ i ≤ n.

Rate

(6)
(7)

The set of constraints (6) ensures that all streams finish
before their deadlines. We assume there is an admission
control mechanism to ensure the packets can finish before
their deadlines if the transmitter operates at the maximum rates
(denoted as Rimax in general). Otherwise, we should not use
transmission slowdown for energy savings.
The problem is a nonlinear optimization with 3n constraints.
In general, with a large number of constraints, it is timeconsuming to solve the problem and the solution may not
converge. We will show that an efficient solution is possible
by exploiting properties of the optimal solution. In the next
section, we will solve a simplified version of the problem by
considering only the delay constraints.

We ignore the boundary condition (7) and refer the minimization problem with only delay constraints (6) as Rate
Assignment with Delay constraints (RAD). It can be solved
by forming the Lagrangian as
n
X

Pi (Ri )

i=1

j
n
X
Xi
Xi X
+
λj ( (
− dj ),
Ri j=1
Ri
i=1

where λj , 1 ≤ j ≤ n, are the non-negative Lagrange
multipliers. Any optimal solution to RAD satisfies the KuhnTucker conditions including (6) and
i
∂Pi (Ri ) X
Ri

∂Ri

−

n
X
j=i

λj

Xi
Ri2
n

X Xi
Pi0 (Ri )Ri − Pi (Ri )
λj 2 = 0, 1 ≤ i ≤ n
Xi −
2
Ri
Ri
j=i

(8)

j
X
Xi
λj (
− dj ) = 0, λj ≥ 0, 1 ≤ j ≤ n.
Ri
i=1

(9)

=

Because of the strict convexity of the objective function in (5),
the conditions are necessary and sufficient for the optimal
solution [9].
1) Properties of the optimal solution: Condition (8) can be
simplified as
Pi0 (Ri )Ri

− Pi (Ri ) =

n
X

λj , 1 ≤ i ≤ n.

Illustration of the concept of marginal power.

shares some similarity with the control point concept in [24].
We call this value the marginal power of a stream defined as
Gi (Ri ) = Pi0 (Ri )Ri − Pi (Ri ) and will omit the
Ri
Pjparameter
i
for brevity. The completion time of stream j, i=1 X
Ri in (9),
is no larger than its deadline dj (stream j finishes at or before
its deadline). If a stream (i for example) finishes before its
deadline, from (9), λi = 0, and from (10),
Gi = Gi+1 =

n
X

λk .

k=i+1

If stream i finishes at its deadline. It follows λi ≥ 0 and

B. Rate Assignment with Delay-constraints (RAD)

L(R, λ) =

Fig. 1.

(10)

j=i

The left hand side function represents the rate of power change
at a transmission rate Ri . Geometrically, if we draw a tangent
line of the power function Pi (Ri ) at point Ri , it is the value
of the intercept on the power axis, as illustrated in Figure 1. It

Gi =

n
X
k=i

λk ≥ Gi+1 =

n
X

λk .

k=i+1

Considering the two cases, we have the following lemmas,
similar to the analysis in [27].
Lemma 3.1: The marginal power of stream i, Gi , is nonincreasing with i. That is, for any i1 and i2 , 1 ≤ i1 < i2 ≤ n,
we have Gi1 ≥ Gi2 .
Pn
Proof: It follows from (10) that Gi2 = j=i2 λj and Gi1 =
Pn
Pi2 −1
j=i1 λj =
j=i1 λj + Gi2 . As λj is non-negative, we get
G i1 ≥ G i2 .

Lemma 3.2: If all streams between i1 and i2 , 1 ≤ i1 <
i2 < n, finish before their deadlines, then they have the same
marginal power. That is Gi = Gi2 +1 , i1 ≤ i ≤ i2 .
Proof: For any stream
Pi i,Xi1 ≤ i ≤ i2 , if it finishes before its
deadline di , i.e., j=1 Rjj < di , we get λi = 0 according
Pn
to
j=i λj =
Pn(9). Combining it with (10) leads to Gi =
λ
=
G
.

i2 +1
j=i2 +1 j
We determine the transmission rate of each stream by first
solving sub-problems with fewer streams. Define optimization
sub-problems for the first i streams as Ji , where 1 ≤ i ≤ n.
It is trivial to solve J1 since there is only one stream to be
scheduled. The targeted problem RAD is equivalent to Jn .
(i)
Let Rj denote the rate of stream j for problem Ji , where
(n)
1 ≤ j ≤ i. The optimal solution equals Rj . Before we show
how to solve Ji+1 with a solution to Ji , we first present the
following property.
Lemma 3.3: Let L be the set of streams that have their rates
changed by considering a new stream. All streams in L have
their rates increased and lead to the same marginal power.

Proof: We prove the lemma in three steps. First, we note that
there must be at least one stream in L with an increase of rate
by considering
the new stream, stream i for example. This is
Pi X
because j=1 Rjj = di in Ji . Suppose to the contrary, some
of the rates are reduced while others remain the same. Then
the total transmission time exceeds di , which is not allowed.
Let l be the first stream in L with an increase of its rate
(i+1)
(i)
after the inclusion of stream i + 1, i.e., Rl
> Rl . In
the second step, we prove no rate decrease is possible for all
streams that finish before l by contradiction. Suppose there is
such a stream. The completion time
stream l − 1P
in Ji+1 is
Pof
Xj
l−1 Xj
l−1
> j=1 (i)
.
then larger than that in Ji . That is, j=1 (i+1)
Rj

Rj

Since theP
schedule after adding stream i +P
1 must be feasible,
Xj
l−1
l−1 Xj
we have j=1 (i+1)
≤ dl−1 . It follows j=1 (i)
< dl−1 .
Rj

Rj

This means stream l − 1 finishes early than its deadline dl−1
before we add stream i + 1. According to Lemma 3.2, we
(i)
(i)
(i)
(i)
have Gl−1 = Gl , where we denote Gl (Rl ) as Gl for
brevity. After adding stream i + 1, since stream l has a rate
(i+1)
(i)
increase, we get Gl
> Gl . The rate of stream l−1 can be
either reduced or unchanged depending whether stream l − 1
(i)
(i+1)
belongs to L. That is, Gl−1 ≥ Gl−1 . Consequently, we have
(i+1)
(i+1)
Gl−1 < Gl
, which means stream l − 1 has a smaller
marginal power than that of stream l. This is in contradiction
to Lemma 3.1. Therefore, no rates decrease is possible for
streams finished before l.
Finally, we prove that all streams starting from l have
their rates increased. Because stream l is the first with a rate
change (increase), it is completed ahead of the scheduled time
according to the solution to Ji . It means stream l finishes
before its deadline after the inclusion of stream i + 1. As a
(i+1)
(i+1)
result, Gl
= Gl+1 according to Lemma 3.2. We then get
(i+1)
(i)
(i)
(i)
Gl+1 > Gl . Recall Gl ≥ Gl+1 by Lemma 3.1. It follows
(i+1)
(i)
that Gl+1 > Gl+1 and the rate of stream l + 1 increases,
(i+1)
(i)
i.e., Rl+1 > Rl+1 . Similar analysis can be applied to any
stream from l + 2 to i. All streams between l and i have their
rates increased and finish before their deadlines. They have
the same marginal power according to Lemma 3.2.

Let G−1
j (x) denote the reverse function of Gj (x). The
inverse function exists because there is a one-to-one mapping
between Gi (Ri ) and Ri . Recall that the marginal power of
a stream is defined as Gi (Ri ) = Pi0 (Ri )Ri − Pi (Ri ). The
derivative of the marginal power is G0i (Ri ) = Pi00 (Ri )Ri > 0,
which means the marginal power is monotonically increasing
with the transmission rate. The inequality applies because
Pi (Ri ) is a strictly convex function. We can get the solution
to Ji+1 according to that of Ji by Theorem 3.1.
Theorem 3.1: Let l be the first stream with a rate increase
as a result of adding stream i + 1. Given a rate assignment
of the first i streams, we get the optimal solution to the first
i + 1 streams according to:
i+1
X
j=l

i

X Xj
Xj
=
+ (di+1 − di ),
(i)
(i+1) )
G−1
j (λ
j=l Rj

(11)

(i+1)

where λ(i+1) equals λi+1 and is the value of the Lagrange
multipliers for all streams in L.
Proof: The overall transmission
streams from l to i
Pi time of (i)
before adding stream i + 1 is j=l Xj /Rj . The time added
by the interval di+1 − di is equal to the summed time of
streams from l to i + 1 in Li+1 . That is:
i+1
X

Xj
(i+1)

j=l

Rj

=

i
X
Xj
(i)

j=l

Rj

+ (di+1 − di ).

(12)

From Lemmas 3.2 and 3.3, we know that all streams from l to
i have their rates increased after adding stream i + 1 and have
(i+1)
the same marginal power. That is, there exists a λi+1 such
(i+1)
(i+1)
that Gj (Rj
) = λi+1 for any j, l ≤ j ≤ i+1. Substituting
(i+1)
(i+1)
Rj
as G−1

j (λi+1 ) in (12) completes the proof.
2) An iterative rate assignment algorithm: We develop
an iterative algorithm to find the optimal rate assignment.
According to Theorem 3.1, the optimal solution is to obtain l
and λ(i+1) such that (11) holds. A straight-forward approach
is to try every stream from 1 to i and solve for λ(i+1) ; but
this is not guaranteed to have a solution. Take the streams in
Figure 2(a) for example. We have i streams and we will get
the rate assignment considering the (i + 1)th stream. Starting
from the interval [di , di+1 ], we first check if the stream can
be finished in the interval with a marginal power no larger
than that of stream i. If it is, we do not need to consider other
streams and there are no rate changes of existing streams, as
shown in Figure 2(b); if the stream cannot finish in the interval,
we raise the rate of stream i to determine if the stream can be
finished with a marginal power no larger than that of stream
i−1. This process continues until we find the first stream with
a rate change so as to finish stream i + 1. Figure 2(c) is an
example in which stream 2 needs a rate change (l = 2). This
can be interpreted as a water-filling process [6] of marginal
(i)
power to different streams, with Gj as the residual waters
(i+1)
and Gj
as the water-level after rate assignment of stream
i + 1.
Instead of starting from the last stream and iterating backward, we can use a binary search due to the non-decreasing
nature the marginal power. We present an iterative procedure
in Algorithm 1, which determines rate settings of n streams
with only delay constraints. In the ith iteration, we have i
marginal power in a non-increasing order and add stream i+1.
For notational convenience, we assume all rates initialized as
0, G(0) = 0, and 1/0 = ∞. We find the minimum index
l using a binary search such that rates of streams from l to
i increase. The value of λ(i+1) is then computed according
to Theorem 3.1 and used to determine the rate assignment.
In the algorithm, computing sums in the binary search takes
O(n) time so that each iteration takes O(nlogn). The running
time of the algorithm is then O(n2 logn). The time complexity
can be improved by noting that the sums inside the binary
search only need to be done once. We can move the sums
out of the search loop and maintain an array of sums, which
reduce the complexity of the binary search loop to O(logn).

Marginal Power

Marginal Power

Marginal Power

1

1

1

2

...

2

i

...

i

(b) No rate change after adding stream i + 1

The computation of the sums and other statement during each
iteration can be finished in O(n) time. The overall algorithm
takes O(n2 ).
Algorithm 1 Online rate assignment with delay-constraints
(RAD) based on backlogged packets.
(1)

1: R1 = X1 /d1
2: for i = 1 to n − 1 do . adding stream i + 1 at the ith iteration
3:
l = 1 . set l to 1 if binary search does not return a value
4:
Using a binary search, find l ∈ [2, i + 1] such that
Xj
j=l−1 R(i)
j

Xj
(i)
j=l−1 G−1 (G
))
l−1 (R
j

−

Xj
i+1
−
j=l G−1 (G (R(i) ))
l
j
l
for λ(i+1) in
Xj
i+1
=
j=l G−1 (λ(i+1) )

Xj
j=l R(i)
j

Pi+1

Pi

l−1

≤

Xj

j=l R(i)
j

+ (di+1 − di )

(i+1)

= Gj−1 (λ(i+1) ), l + 1 ≤ j ≤ i + 1
Rj
(i)
(i+1)
= Rj , 1 ≤ j ≤ l
Rj
7: end for
6:

(c) Rates (2 to i) changes after adding stream i+1

a smaller rate, we continue to the next stream; otherwise, we
keep checking the next rate in L and merge streams with the
same rate to one state until we reach a rate at which stream i
can be completed. After n iterations, rates of all streams are
stored in list L. The maximum number of states in L is n,
which occurs when the else part of the while loop is executed
up to its maximum number, n − 1. On the other extreme, there
is only one state in L, meaning the maximum number of state
merging is taking, n − 1. Any other case is a combination of
at most n − 1 executions of the if and else parts. Therefore,
the algorithm has a linear time in determining rate settings of
n streams.

Pi

Pi

j

i+1

Rate assignment for the first i + 1 streams based on the schedule of the first i streams

Fig. 2.

Solve
P

i

Time

Time

(a) Schedule of the first i streams

5:

...

i+1

Time

d
i+1 − di <
P

2

3) A linear rate assignment algorithm with identical power
functions: A special case of RAD is all packets have identical
power functions, referred to as RAD-IP. This reduces to a
similar problem to the online packet scheduling by [13] [3], in
which the authors proposed solutions with a time complexity
of O(n2 ). By contrast, we will present a linear algorithm in
the following.
When all streams have the same power functions, characterized by the same transmission distance and circuit power, the
same marginal power always leads to the same transmission
rate. The water-filling over marginal power of different streams
in Figure 2 reduces to water-filling over transmission rates, in
a similar way to [13]. Streams with the same transmission rates
can be grouped together and treated equally. In such case, we
obtain the optimal solution to RAD-IP in Algorithm 2. We
group streams with the same rate into one state and maintain
a set of states. Each state is represented by (Si , XSi , RSi ),
where Si contains indexes of streams in a subset having the
same transmission rates RSi with a request size XSi summed
over all streams in Si .
Initially, we have a list L containing only the first stream. In
each iteration, stream i is added with a rate either smaller than
or identical to the rate of the last stream in L. If added with

Algorithm 2 Rate assignment with delay-constraints for packets with identical power functions (RAD-IP).
1: S1 = {1}, XS1 = X1 , RS1 = X1 /d1
2: Initialize L with state (S1 , XS1 , RS1 ), denoted by S1
3: for i = 2 to n do
. add stream i at the ith iteration
4:
Si = {i}, XSi = 0, RSi = 0, τ = di − di−1
5:
append state Si to the end of L
6:
while Xi > 0 do
7:
let the last state in L as S 0 , the second to the last as S 00 ;
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

S 00 as (0, 0, ∞) if there is only one state in L
if Xi > (RS 00 − RS 0 )τ then . stream i has a larger rate
than RS 00 ; need to check next state in L
Xi = Xi − (RS 00 − RS 0 )τ
merge S 0 and S 00 into one state S̄, XS̄ = RS 00 τ +
XS 00 , RS̄ = RS 00
τ = τ + XS 00 /RS 00
else
. stream i has a smaller rate than RS 00
XS 0 = XS 0 + Xi , RS 0 = RS 0 + Xi /τ , Xi = 0
end if
end while
end for
for each state Si ∈ L and each j ∈ Si do
. size of
S1 ∪ S2 ... ∪ S|L| is n
return rate RSi
end for

C. Rate Assignment with Both Delay and Boundary Conditions (RADB)
The solution to RAD only considers the delay constraints (6). The optimal solution should also satisfy the
boundary condition (7) as well. If the solution to RAD satisfies
the conditions, it is optimal; otherwise, we need to find the
optimal solution. Consider the lower bounds first. We start the

water-filling process from rates no lower than the minimum
rate Rimin . As no rate decrease is possible in all iterations
according to Lemma 3.3, the lower bound of stream i is
guaranteed to be satisfied. This is not the case for upper
bounds because the increased rates in adding streams after i
may exceed the upper bound of stream i. We impose an upper
bound to the marginal power of each stream; whenever the
marginal power reaches the bound, it stops increasing and we
distribute the new stream to others with marginal power below
their upper bounds. We can obtain the solution following a
similar procedure to Algorithm 1. The difference is, however,
that the marginal power is not necessarily non-increasing by
starting from the minimum rates. A binary search among all
streams is not applicable to find the first stream with a rate
increase. We can design a more complicated search to find
the range of the appropriate water-level that accommodates
the new stream. Alternative, we propose to use a bisection to
find water-level in Algorithm 3. The procedure GET RATES
returns the set of rates for the first i + 1 streams with a given
marginal power. The main procedure returns the rate settings
given a set of streams.
We first determine the lower and upper bounds (Gmin
min
and Gmax
max ) of the marginal power and start from the middle
(Gmid ). Under the marginal power, if the new stream can
be finished before its deadline, we have a rate higher than
necessary. We then decrease the rates by restricting the search
range to [Gmin
min , Gmid ]; otherwise, we increase the search
range to [Gmid , Gmax
max ]. The algorithm terminates when the
search interval is smaller than the given threshold  in the
while loop. In practice, with a sufficiently small  the computed set of rates can be used effectively as the optimal rate
settings. The maximum number of steps needed to converge
occurs for the iteration of stream n, with an search interval
from min1≤j≤n Gmin
to max1≤j≤n Gmax
, where Gmin
and
j
j
j
max
Gj
are the marginal power of stream j under the minimum transmission rate Rjmin and the maximum rate Rjmax ,
respectively. As the values of the two bounds are constant
in a transmitter with known transmission rate bounds, it is a
constant factor in deriving the time complexity of Algorithm 3.
As each bisection step involves O(n) summations and we have
n streams, the running time of the algorithm is O(n2 ).
D. Dynamic Packet Arrivals
We have studied static rate assignment based on backlogged
packet arrivals. This is readily applicable to dynamic packet
arrivals and departures, in a similar way to [13] [3]. Each
time there are new packet arrivals, we invoke the static rate
assignment algorithms (e.g. RADB) to determine transmission
rates of all packets. The packets will be transmitted using the
rates if there are no new packet arrivals before all backlogged
packets are transmitted; otherwise, we need to update their
transmission rates by considering new arrivals based on the
backlogged packets and their residual delay constraints.
After we determine the transmission rates of all backlogged
packets, we still need to choose a low-level scheduling policy
to determine the order of packet transmission. Any policy can

Algorithm 3 Rate assignment with delay and boundary conditions (RADB) using bisection.
(1)

1: R1 = max (X1 /d1 , R1min )
(j)
2: R1 = Rjmin , 2 ≤ j ≤ n
3: for i = 1 to n − 1 do
. add stream i + 1 at the ith iteration
min
max
4:
Gmin
, Gmax
max = max1≤j≤i+1 Gj
min = min1≤j≤i+1 Gj
5:
6:
7:
8:
9:
10:

min
while Gmax
max − Gmin >  or

Xj
j=1 R(i+1)
j

Pi+1

> di+1 do

min
Gmid = 12 (Gmax
max + Gmin )
(i+1)
(i+1)
[R1
, ..., Ri+1 ] = GET RATES(Gmid , i)
Xj
i+1
if
< di+1 then
j=1 R(i+1)
j
Gmax
=
G
. to
mid
max
Xj
i+1
else if
>
d
then
i+1
j=1 R(i+1)

P

reduce rates

P

j

11:
Gmin
. to increase rates
min = Gmid
12:
else
13:
break
14:
end if
15:
end while
(1)
(i+1)
16:
Rj = Rj
, 1 ≤ j ≤ i + 1 . to start from updated rates
17: end for
18: procedure GET RATES(Gmid , i)
19:
for j = 1 to i do
≤ Gmid then
20:
if Gmax
j
. cannot exceed the upper bound
21:
Rj = Rjmax
22:
23:
24:
25:
26:
27:
28:
29:

(1)

else if Gmid > Gj (Rj ) then
(−1)
Rj = Gj (Gmid )
. with an increased rate
else
(1)
. keep the original setting
Rj = Rj
end if
end for
return [R1 , ..., Ri ]
end procedure

be used as long as packets transmission can complete before
their deadlines. Example service disciplines include earliest
deadline first [23], first-come-first-served [2], [3], [15], and
weighted fair queuing [13]. By separating rate assignment
and packet scheduling, we make algorithm design simple and
enable the use of independent policies at either level.
IV. E VALUATION
We conducted simulations to verify the analytical results.
In the case of RADB, we use an error threshold  as 10−4
to terminate the bisection. We assumed a packet length of
8KBits, a maximum bits per transmission as 16, and a channel
bandwidth B = 106 Hz. The power function is based on (1) (2).
We set the noise power to 1. The circuit constant C was set
to 10−8 according to [22]. Assuming it takes 10pJ/bit/m2 to
reliably transmit one bit [22], we have the transmission power
−6
function at a rate R and a distance l as 106 l2 (22∗10 ∗R − 1).
We first consider energy per bit according to (4) for receivers with different communication distances. We present
the results of l = 5m, 30m, and 50m in Figure 3. We can
observe that in all cases the energy consumption reduces significantly with lower transmission rates. There exists, however,
a minimum rate for each receiver, below which energy per
bit increases. It means both the transmission time and energy

30

350
300

distance 50m
distance 30m
distance 5m

10

Energy Expenditure

Energy (dbE)

20

0
-10
-20

200
150
100
50

1

2

3
4
5
6
Transmission Rates (Mbps)

7

0
0.2

8

Fig. 3. Energy per bit for receivers with difference communication distances.

increase with lower rates. For receiver at a distance of 50m,
the minimum rate is 0.59Mbps; for the receiver at a distance
of 5m, the minimum rate increases to 2.11Mbps. Short range
communication has an increased minimum rate because less
energy is spent in packet transmission and circuit power
consumption becomes a more important factor, in consistent
with the observations using QAM in [19] [22].
We compared the proposed algorithms with the following
two algorithms:
• Adaptive, the time-variant algorithm by Khojastepour and
Sabharwal [13] which was proved to be optimal for
transmission energy minimization among online packet
schedulers for streams with identical power characteristics.
• Flush, an online algorithm by Chen et al. [3] (extended
from [23] for static packet arrivals). It is for packet
arrivals with identical power characteristics and delay
constraints.
We note that although the original Flush only supports
packets with identical delay constraints. The solution can be
readily extended for different delays. We generalized Flush
for packets with different deadlines. For both Flush and the
proposed RADB, we use the earliest deadline first as the lowerlevel packet scheduler due to its effectiveness in satisfying
deadlines.
An interesting result is that the energy consumption according to Adaptive and Flush are exactly the same. This is because
Flush is an extension of the buffer-flushing algorithm in [23],
which is a generalization of Adaptive [13]. In the following,
we only present the results of Flush for improved readability.
We generated packet arrivals according to Poisson distributions. The average number of packet arrivals at a time interval
dt (1ms) is the arrival rate multiplied by the interval, λ·dt. We
first assumed the transmitter communicates with two receivers,
one at a distance of 5m, the other at 30m. Packets deadlines
were uniformly drawn from the range [10ms, 20ms]. In the
first test, we set half of the packets for short-range communication and half for long-range communication. Figure 4 shows
the normalized energy consumption over increasing arrival
rates. With a small arrival rate, less number of packets is ready
at the time of rate assignment. More packets get transmitted
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Fig. 4. Energy consumed in communicating to two receivers with identical
arrival rates.
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at their lowest possible rates subject to their deadlines. This
makes RADB more effective by operating at higher rates than
the energy-efficient rate of a stream. Under Flush, however, we
may transmit a packet at a low rate resulting in more power
consumption and transmission time. In such cases, RADB can
save nearly 50% energy compared with Flush. The relative
performance gap decreases with larger arrival rates. As RADB
considers the difference of the power characteristics, it can still
achieve energy-efficiency as much as 30%.
Similar observation can be made with other simulation
scenarios. For example, we varied the number of receivers.
Distances of the receivers to the transmitters were uniformly
drawn from [5m, 50m]. The performance gain of RADB with
more receivers becomes less impressive because the power
functions are uniformly distributed and less distinguished from
each other. Their overall energy consumption is closer to the
case of treating them equally, as shown in Figure 5.
Although RADB is more efficient in energy savings, this
comes at the cost of higher complexity. We estimated running
times of the algorithms on a Pentium(R) 4 machine at a 2GHz
clock rate. Figure 6 is the total algorithm running time in rate
assignments for a simulated 20 seconds packet transmission
with varied number of receivers. We used lookup tables to
(−1)
reduce the time in computing Gj . Recall that RADB has a
square time complexity in the number of backlogged streams.
From the figure, we can observe that the running time increases
at a speed much lower than a square relationship. This is
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because the number of backlogged streams increases at a
lower speed than the number of receivers. The algorithm
running time of RADB with 20 receivers is 238ms, which
is about 1.2% of the simulation duration. Flush also has a
square time complexity, but it has a smaller constant factor
than RADB. Given the efficiency in energy savings of RADB,
we conclude that it achieves a better energy-delay trade-off.
We finally experimented with the linear algorithm RAD-IP
assuming identical power functions. RAD-IP derives the same
rate assignment as Flush, yet with a reduced running time, as
shown in Figure 6.
V. R ELATED W ORK
By transmitting packets over a longer delay, the transmission energy consumption can be significantly reduced.
Researchers have studied the energy-delay trade-off from
different prospectives. A recent focus is to use explicit deadline
for each packet [2], [3], [13], [15], [18], [19], [23], [26].
For example, Schurgers et al. analyzed energy-efficient packet
scheduling in a time-invariant channel [19]. Their approach
is limited only to a periodic task model with constant packet
inter-arrival times. More generalized offline packet scheduling
with individual deadlines were presented by [23] [15] [2] [3].
Zafer and Modiano presented an offline generalization by a
calculus approach and obtained an optimal solution on the
earliest deadline first (EDF) basis [23]. Miao and Cassandras
proposed a different offline generalization with a focus on
packets with different delay constraints and number of bits
based on first-come-first-served (FCFS) [15]. Chen et al.
provided an alternative technique in getting the offline optimal
solution for packets with identical deadlines using FCFS [2]
and more analytical results for i.i.d. input in [3].
The knowledge about all packet arrivals may not be available offline and an online algorithm is more appropriate in
dealing with the dynamic nature of input arrivals. There are
a number of online schedulers [23] [15] [18] [26] [13] [3].
The authors of [23] [15] also proposed online schedulers
extended from their offline counterparts by requiring partial
knowledge about future packet arrivals. In [23], Zafer and
Modiano presented an online packet scheduler with information of future packet arrivals for a Poisson input. Miao

and Cassandras proposed an online scheduler with required
knowledge about future packets arrival information within a
small given window [15]. By contrast, the online scheduler
we consider in this paper is for general input without any
assumption about future packets arrivals.
The online schedulers in [18] [26] and the online timeinvariant scheduler in [13] all require a priori knowledge
input statistics before scheduling. Rajan et al. [18] used a
deadline to each packet for an i.i.d. input. They formalized
the optimization problem and solved it using a value iteration
algorithm. The computational complexity of their algorithm
grows exponentially with the delay constraint and the complexity becomes prohibitive when delay gets larger than 3 time
units. This limits its usage in environments with limited power
and large deadlines.
Zhong and Xu studied online packet scheduling by assuming known input time correlation with a focus on providing statistical quality of service (QoS) control [26]. The
QoS control was based on the observation that the use of
packet transmission rates slowdown may lead to unexpected
delay violations and packet losses. They established bounds
on transmission capacity and buffer size for the purpose of
performance guarantee. By contrast, this paper focuses on
energy-efficient packet scheduling.
Khojastepour and Sabharwal considered a discrete delay
constraint for packets with the same size [13]. They established
the connection between maximum delay scheduling and a
linear filter. Two optimal weighted fair queueing schedulers
were proposed. One is a time-invariant (static) policy for i.i.d.
input, which determines the transmission rates of new packets
by their sizes divided by deadlines. This policy, in essence,
leads to the same energy consumption as the Average Rate
algorithm for aperiodic tasks in [21] for aperiodic tasks and
the online algorithm for sporadic tasks in [17] under earliest
deadline first scheduling, both for CPU tasks scheduling using
Dynamic Voltage and Frequency Scaling (DVS). The other
is a time-variant (adaptive) policy, which makes scheduling
decisions according to new packet arrivals and uncompleted
packets in the queue backlog. Each time packets arrive, all
arrivals in the backlog must be iterated in order for the
algorithm to derive new transmission rates for the new arrival
and updated rates for those in the backlog. At each invocation,
the policy needs O(n2 ) to complete, where n is the backlogged
arrivals. This policy leads to the same energy consumption as
the Optimal Available algorithm for aperiodic tasks in [21], the
algorithm for sporadic tasks in [12], and the linear algorithm
for aperiodic tasks in [25]. A proof of the equality is out of
the scope of this paper.
Most recently, Chen et al. proposed two online schedulers (referred as Flush and IMET) without knowledge about
future packet arrivals [3]. They assumed identical power
characteristics and delay constraints for all packets. (Though
packets have the same relative deadlines at the arrival time,
at any particular time packets can have different remaining timing constraints). They showed the online scheduler,
Flush, was more energy-efficient; it achieved a comparable

energy consumption compared with their offline approach.
The algorithm is a generalization of the time-variant policy
in [13] and the static policy in [23]. The static version of
all three algorithms lead to the same energy consumption. In
this work, we consider a generalized case in which packets
can be transmitted to different receivers at different distances,
their power characteristics and delay constraints may vary
significantly.
Another limitation of all the above solutions is that they only
consider the transmission energy. The total power consumption is not necessarily dominated by the transmission power,
especially at a short communication range. In this paper, we
consider the impact of different receivers and the existence
of circuit power. In addition, we separate the problem of
rate assignment from the actual packet transmission ordering
(scheduling) so as to simplify the rate control problem and
make it possible for the choice of service disciplines independent of rate control.
VI. C ONCLUSION
We consider energy minimization over an AWGN channel
with a delay constraint for each packet. The energy consumption includes both the transmission energy and static circuit
energy. We showed that the existence of circuit power put a
limit on the minimum energy-efficient rate. Operating at a rate
lower than the limit results in increases of both transmission
time and energy. The best strategy is to transmit packets
at a rate no lower than the limit and then put the circuit
into low power state with negligible power consumption. In
deriving the transmission rates, we consider a general case
in which a transmitter communicates with multiple receivers
at different distances. Power characteristics of packets can
vary significantly. The existence of energy-efficient rates and
difference in power functions play a key role in determining
transmission rates of a packet. Existing online packet scheduling policies are special cases of our algorithms by assuming
zero circuit power and the same power function of all packets.
For this special case, we propose a linear algorithm in getting
the optimal solution, in contrast to the square complexity of
existing policies [13] [23] [3].
We have restricted our focus to communication power in
an AWGN channel. An interesting future work direction is to
consider the trade-off between both communication and computation slowdown, or the impact of more realistic wireless
fading channels.
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