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Abstract. In this paper, we study the problem of maximizing the data
broadcasting server’s service rate, defined as the ratio of satisfied vs. un-
satisfied time-constrained data requests in an energy-limited on-demand
data dissemination environment. The paper’s main contribution is an
algorithm, called PBS (standing for Power-aware Broadcast Scheduler),
with O(n) space and time requirements, which significantly outperforms
state-of-the-art on-demand real-time scheduling algorithms in terms of
its primary performance metric, i.e., the service rate. Additionally, even
though designed to maximize the service rate of the server, it only slightly
underperforms other schedulers in terms of the mean response time which
use this metric as the main performance criterion. Our further contribu-
tion is the PBSlight algorithm, which is a low-overhead, approximate and
parameterized variant of PBS. Even though still running in linear time,
PBSlight significantly reduces the scheduling costs of PBS. Additionally,
it provides performance results comparable to or even slightly better
than those of PBS, however, at the expense of servicing requests for less
frequently requested data items less often. The third contribution is that
both proposed algorithms are built upon the criteria of providing con-
tinuous broadcasting services to mobile clients until either the estimated
service period is completed or battery resources are recharged. This ob-
jective is achieved by calculating a broadcast area schedule which maps
regional communication areas located within the communication cover-
age area of the server to upcoming broadcast cycles in accordance to the
durability of the available energy resources and the workload conditions
of the server.

1 Introduction and Motivation

In the course of the proliferation of mobile devices and the potential of any-
time, anywhere information exchange, multiple new applications arise that in-



volve dissemination of data to a large population of mobile clients. Many of
the dissemination-oriented applications such as news distribution systems, traf-
fic information systems, entertainment delivery, etc. [29], have data access and
data flow characteristics that differ from those of traditional client-server appli-
cations. Service load asymmetry, data volume asymmetry, and overlapping data
requirements of the client population typically characterize the former class of
applications [1].

Data broadcasting is a widely accepted and efficient approach to address
the asymmetry problem prevalent in such systems. Since data broadcast has
the ability to simultaneously satisfy the data needs of multiple clients, it effi-
ciently utilizes the available downstream communications capacity and thereby
contributes to the scalability of the system. Three data broadcasting models
can be distinguished, namely static and on-demand broadcast, and a hybrid
combination of the two. We adapt on-demand data broadcasting as the data de-
livery model in our work, since it allows us to generate tailor-made data broad-
cast programs built upon the clients’ current data needs and QoS requirements
(clearly, any of the above mentioned and even more advantages would apply to
a hybrid scheme, but because the latter is much more complex, it would aggra-
vate our model’s presentation). In particular, we strive towards the challenging
objective of maximizing the request service rate and service duration period of
battery-powered on-demand data broadcasting servers. Mobile broadcast servers
which do not rely on plug-in power supply are useful for facilitating information-
centered applications including battlefield applications, emergency and disaster
response operations, expeditions, etc. To provide further evidence for the neces-
sity of designing power-aware data broadcast schedules, consider the following
three application scenarios:

– As you might remember, on August 14, 2003, shortly after 4 p.m., a power
outage affected dozens of cities in the eastern United States and Canada and
subsequently causing the communications facilities to breakdown. During
such critical time periods, emergency information such as the cause and
length of the outage, status information about the current state of the public
transport system, evacuation notices, etc. are of urgent need to the affected
public, to the media and also to the instructed emergency response teams.
Since a lot of users in such a situation are expected to request the same
information at the same time, it is useful to disseminate the respective data
through a battery backed-up mobile or stationary broadcast server. As the
amount of energy stored in a battery is not infinite, the broadcast server
is required to efficiently utilize its available battery power so as to provide
services until the power system is restored and the emergency operations are
completed.

– Consider events such as music and drama festivals in the woods at which mo-
bile broadcast servers would be useful for disseminating information on the
festival program, catering, locations of first aid stations, evacuation paths,
etc. to the visitors. Additionally, battery-powered broadcast servers could be



set-up along the highways leading to the festival giving direction and parking
information to the arriving participants.

– Another promising application domain for power-aware data dissemination
scheduling are distributed wireless sensor networks in which typically a rela-
tively large number (on the order of a couple of hundreds or thousands) of low
cost, tiny-sized, battery-powered sensors collaborate with each other. For ex-
ample, in an ad-hoc smart dust environment [17, 22], such as an earthquake-
damaged building, a large number of specialized disposable sensors (special-
ized to detect heat, smoke, gas leakage, injured and trapped casualties, etc.)
are densely scattered within the building, establish a mobile ad-hoc network
(MANET) and cooperate with each other to gather information helping the
emergency response teams to locate patients/casualties, to find safe evacu-
ation paths, to inform the fire brigade about the possible spreading of fire,
etc. In order to accomplish these tasks in an energy-efficient way and to
evaluate abnormal situations accurately, the highly specialized sensors need
to exchange their sensor data with multiple or even all other smart dust
sensors in the system. As the collaborating sensors are typically distributed
in a small geographical region (within a few dozens of meters), single-hop
broadcasting rather than multi-hop broadcasting would be the most efficient
transmission strategy [30].

All aforementioned scenarios have in common that broadcast technology would
be helpful for information dissemination, but plug-in power supply is not avail-
able to the server/sensors and, therefore, energy becomes a precious commodity.
Under the realistic assumption that the period during which the broadcast server
is forced to rely on battery power is a-priori known or somehow predictable and
that client requests contain firm deadlines [37] specifying the maximum tolerable
response time for each request, two tightly linked objectives can be defined for
such systems: (a) to maximize the number of client requests served within their
specified deadlines, and (b) to provide broadcasting support until the communi-
cations services are no longer required anymore (e.g., the emergency operations
are completed).

To the best of our knowledge, previous research work has not been directed
towards solutions within the specified problem space. To rectify this, we pro-
pose two broadcast scheduling algorithms optimized to provide both low request
failure rates and response times while guaranteeing communications availability
until the end of the planned service period. This can be achieved by dynamically
varying the radius of the communication area serviced by the broadcast server
in accordance to its remaining energy resources as well as the timing constraints
and origins of the requests received. Obviously, due to the characteristic of the
wireless medium that the communication signal attenuates proportional to Dα,
where D denotes the Euclidian distance and α is a constant, servicing clients’
requests originating from further distances is less efficient than those received
from clients close to the server. Therefore, the proposed scheme tends to favor
the requests from clients located within closer proximity to the server.



The rest of this paper is organized as follows. Work related to this research
is presented in Section 2. Section 3 briefly describes the system environment
for which PBS is designed, the work’s underlying assumptions, and the criteria
used to evaluate the algorithm’s performance. In Section 4, we describe the PBS
scheduling algorithm and its approximate, parameterized version PBSlight. Sec-
tion 5 presents experimental results of evaluating PBS and PBSlight in terms of
their performance, computational overheads, and scalability under various sys-
tem settings and workload conditions. Results of a comparison study of PBS
against other related scheduling algorithms is also illustrated there. Finally, Sec-
tion 6 concludes the paper and gives directions for future work.

2 Related Work

The problem of minimizing the energy consumption of energy-constrained data
dissemination systems can be approached from the viewpoint of hardware and
software. Hardware-oriented research has identified a rich collection of possible
techniques to enable wireless communication system designers to trade-off energy
vs. performance. Prominent low-power design techniques related to the system
hardware include variable clock speed CPUs [4, 16, 35, 45], flash memory [10, 28],
and disk spin-down [6, 11, 12, 15, 26, 51]. Another popular energy-tuning knob,
making our software-based solution to the energy consumption problem feasible
at all, is an adjustable power amplifier that allows energy to scale with transmis-
sion range [21, 31, 32, 38]. Adjusting the output power of the transmitter ensures
that energy is not wasted by transmitting beyond the intended communication
range. Commercially available network cards are already capable of gradually
adjusting transmission power. For example, the Cisco Aironet 350 series card [8]
offers fine-grained transmit power control by having six different transmit power
levels: 1mW, 5mW, 20mW, 30mW, 50mW, and 100mW. An equally important
energy-preserving technique is to reduce the transmit time of the radio signal.
This can be accomplished by sending multiple bits per transmitted symbol, i.e.,
by using M-ary modulation. M-ary modulation provides higher data through-
put since each transmitted symbol comes from a set of M, rather than 2 (as
in binary modulation), distinct waveforms. Using M-ary modulation, however,
does not come for free, but it results in more complex modulation/demodulation
circuitry and increased radio power consumption [39, 40, 44]. Another hardware-
oriented tuning knob that has a direct and substantial effect on the energy
efficiency of data dissemination systems is the error control strategy. Error con-
trol is required to ensure the reliability of a communication link, and is typically
enforce using either forward-error correction (FEC) or automatic repeat request
(ARQ). As each of the two methods has limitations that render it inappropri-
ate for achieving the goal of minimizing power consumption, a hybrid scheme
in which the most energy-efficient combination of FEC and ARQ is chosen and
adapted over time has been proposed in [25].

There are two software-oriented areas of work related to the research pre-
sented in this paper: (a) the first area concentrates on broadcast scheduling



strategies to improve the data response times and/or to meet timing constraints
specified by the requests, and (b) the second area is concerned with strategies
to preserve and optimally use the scarce energy of mobile hosts. Various on-
demand broadcast scheduling policies have been proposed for both real-time
and non-real-time data dissemination systems. Well-known on-demand sched-
ulers belonging to the latter class include First-Come-First-Serve (FCFS), Most
Requested First (MRF), Most Requests First Lowest (MRFL), Longest Wait
Time First (LWF) [13, 48]. Among those algorithms, LWF excels in minimizing
the response time. However, due to having a computational overhead propor-
tional to the number of outstanding requests, LWF is expensive to implement. A
low-overhead alternative to LWF is the RxW algorithm [3] which is fast and does
only marginally underperform LWF. Another alternative algorithm is PIP [42]
which shows even slightly better performance results than LWF and can be im-
plemented to run with constant time complexity. However, it assumes a-priori
knowledge of the clients access requirements which is not a reasonable assump-
tion. On demand schedulers for applications with variable data item sizes was
studied in [2]. To evaluate the performance for items of different sizes, a new
performance metric called stretch was introduced, defined as the ratio of the
access time of a request to its service time. Based on the stretch metric, four dif-
ferent algorithms, namely the Preemptive Longest Wait First (PLWF), Shortest
Remaining Time First (SRTF), Longest Total Stretch First (LTSF), and MAX
algorithm, have been quantitatively investigated with the result that none of
them is superior to the others in all studied scenarios. In summary, however,
the MAX algorithm performs quite well in both the worst and average cases in
access time and stretch measures.

If information is to be delivered in a timely manner, real-time scheduling
algorithms are applied. Proposed strategies that consider deadlines attached to
the requests in order to make scheduling decisions are EDF and EDFBatch [27,
50]. EDFBatch is superior to EDF as it exploits batching and handles multiple
requests of the same item via a single broadcast transmission. Both algorithms
ignore information on the number of pending requests for the same data item
and are therefore expected to yield performance results inferior to those of PBS
as the latter makes use of them for its scheduling decisions.

An effective approach to save the scarce energy resources of mobile hosts is
to switch them as much as possible into low power states (doze or sleep mode).
To this end, Imielinski et al. [20] proposed to enrich the broadcast program by
some index in order to make the broadcast channel self-descriptive and to enable
clients to operate in doze mode until the required data item arrives. To reduce
the number of index probes for frequently requested objects, Chen et al. [7]
and Shivakumar et al. [41] considered unbalanced tree structures that optimize
the tuning time for non-uniform data accesses. More precisely, k-ary Alphabetic
Huffman trees were proposed that minimize the average index search cost by
reducing the number of index node probes for data objects with high access
probabilities at the expense of spending more on those with a low popularity.
Tan et al. [43] proposed efficient index structures facilitating selective tuning



for non-uniform broadcasts in which data items are disseminated with various
frequencies. To allow system designers to trade-off between access latency and
tuning time based on the respective application-specific requirements, the flexi-
ble and exponential indexing method has been proposed [19, 49]. Both methods
achieve this goal by providing the system designer with tuning parameters that
offer great flexibility in trading access time against tuning time and vice versa.
While all the strategies presented above are directed towards reducing the power
consumption of mobile hosts which request information rather than provide it,
our work focuses on the side of the information provider and addresses the issue
of generating power-aware broadcasting schedules for mobile energy-constrained
data dissemination servers.

3 System Environment and Assumptions

3.1 System Architecture and Data Delivery Model

We consider an on-demand broadcasting system as shown in Figure 3.1. It con-
sists of an energy-constrained broadcast server with a database keeping the data
expected to be of interest to a large client population, numerous mobile clients
located inside and outside of the server’s communication coverage area, an uni-
directional broadband broadcast channel and multiple dedicated low-bandwidth
uplink channels. The uplink and downlink communication links are expected to
be physically independent with the former being used by clients for sending re-
quests to the server and with the latter being a “listen only“ channel for receiving
the requested data from the server.

Request Queue
Scheduler

Disk Array

Main Memory

Broadcast Schedule

Transmitter

Notation:

Communication Coverage Area

Energy−limited Broadcast Station

4r3r2r1r

Mobile Client

Communication Service Boundary 

Fig. 3.1. On-demand broadcast server architecture.



Client requests are initiated as a response to local cache and memory misses
and are efficiently queued at the broadcast server upon their arrival. Requests
corresponding to the same data item i are grouped together forming a multi-
request. Requests transferred from the client to the server are pairs <IDi, DL>
where IDi represents the unique identifier of the data item i and DL denotes
the point in time in the future (i.e., the broadcast cycle number) until which the
requested data item is required, at the latest, by the user. Our model is built
upon firm deadlines for data delivery, i.e., once the deadline expires, the re-
quested data item will be useless for the client and can therefore be evicted from
the broadcast request queue. The server request queue is organized in a multi-
threaded manner consisting of three independent doubly-linked and sorted lists
which are efficiently accessible and maintainable through the associated hash
index (see Figure 3.2). The index is built by applying a collision-free or an im-
perfect hash function f(k) on the identifying key k of any queued data item i.
The sorted hash table maintains for any requested data item i a triple containing
pointers to the item’s entries in the Expiration Time List (ET-List), the Request
List (R-List), and Starvation List (S-List), respectively. The three lists them-
selves keep track of aggregated and non-aggregated statistics collected for any
recently requested data item i since its last dissemination. The gathered request
information is used by the scheduler in a way as explained in Subsection 4.3
so that the request service rate is maximized and the planned service duration
period of the broadcast server is met.
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Fig. 3.2. Data structures of the broadcast server’s request queue.

Further, we make the following assumptions: For reasons of simplicity, we
assume that there exists only one broadcast server capable of disseminating
information to a large population of mobile clients within the server’s communi-
cation coverage area. We assume the broadcast server to use an omni-directional
antenna to transmit messages to mobile clients, thus enabling it to transfer data
requested by multiple clients by a single transmission — of course only provided
that those clients are within the transmission range of the server. Additionally,



we assume that the server is able to adjust its communication distance by chang-
ing the transmission power of the broadcast signal. We expect the server to have
a maximum transmission power of Pmax, enabling it to serve a circular area with
radius rmax. Because of signal attenuation due to the communication medium
and the antenna characteristics, the power required by the server to transmit
the signal to distance rmax is given by:

Pmax = Pthresh · r
α
max, α ≥ 2 , (1)

where α denotes the channel loss exponent3 and Pthresh presents a technology-
specific threshold value which the power of the signal needs to exceed in order
to be received correctly by the client. Note that in reality, the power required
by the server to transmit the signal to distance rmax is not only a function of
the signal attenuation over rmax and the signal quality threshold Pthresh, but
also of the ambient noise level of the receiver. However, as the ambient noise
level of the receiver is independent of the distance of the source and the receiver
and depends purely on the operating conditions of the receiver, it is essentially
a constant and can be neglected in the energy cost model.

From Equation 1 it follows that when the broadcast server BSi intends to dis-
seminate information to a set of mobile clients ClientBase, it needs to transmit
by a power Pi given by:

Pi = Pthresh ·D
α
i,k, where k = max{Di,j |j ∈ ClientBase}, (2)

where Di,j denotes the distance from the mobile broadcast server BSi to the mo-
bile client j. Since we are only concerned with the relative performance of differ-
ent broadcast scheduling policies, we can set the transmission quality threshold
parameter Pthresh to 1 (similar to [34, 46]) without loss of generality. For ease
of presentation, we further assume that the broadcast server BSi does not dis-
seminate requested information to arbitrary distances within its communication
coverage area, but rather may transmit data to one of n possible different areas
being centered around BSi with a radius of 1r, 2r, . . . , (n− 1)r, and nr, respec-
tively, whereas nr equals rmax. In what follows, the circular area with radius kr
will be denoted as area(k) where k is an integer number between 1 and n, and
the set of all those variably-sized areas located within the server’s coverage area
is presented by ServiceArea. Further, we will refer to the spatial region between
the boundaries of two neighboring areas area(m) and area(n) with m < n by
region(m, n). Finally, we assume the indexing of the contents of the broadcast
channel to be an integral part of our on-demand data delivery model. Adding an
index such as a bit-vector or one of the tree-based schemes proposed in [20] to
the channel helps clients to save tuning time and, more importantly, conserves
their power resources as they do not need to continuously monitor the broadcast
medium after sending a request to the server.

3 The value of the attenuation parameter α depends on the environmental conditions
and is typically around 2 for short distances and omni-directional antennae, and
around 4 for longer distances (> 100 meters) [33, 36].



3.2 Energy Preservation Approach and Performance Metrics

As microwave signal propagation obeys the 2-nd to 4-th power path loss law,
shorter-range communication is generally much cheaper in terms of power con-
sumption than longer-range one. As a result, transmitting information to clients
within close proximity is severely less energy intensive for the broadcast server
than, for example, to the clients located at the boundary of the communication
coverage area. This observation allows us to fine-tune the power consumption of
the broadcast server in such a way that its power resources will either last until
the planned service period is completed or the utilized energy storage facilities
(e.g., batteries) can be recharged or replaced. If we realistically assume that the
server has only a limited amount of energy at its disposal and the available energy
would not be enough to disseminate data to the entire communication coverage
area throughout the service duration, an energetically feasible approach would
be to reduce the frequency of servicing clients located at farther distances from
the server. Clearly, this approach does not come for free, as it might increase
the mean request response time of the clients not always within the dynami-
cally changing geographic scope of the server’s broadcast area. Consequently,
our approach trades-off increased service durability for an increase in the mean
request response time. As the latter metric is time-independent in the sense that
its value does not reflect the duration of the server’s service period, we will only
use it as a secondary performance indicator in what follows. Instead, and in con-
trast to traditional non-real-time scheduling approaches [3, 13, 42, 48], we rather
rely on the service rate, defined as the ratio between timely satisfied data re-
quests and those whose deadline constraints were failed by the server, to be our
primary performance metric. Using the service rate as main comparison metric
allows us to quantify the energy and scheduling efficiency of the PBS scheduler.
Since PBS trades-off timely data delivery for request response time, it is ex-
pected to be outperformed by access time-efficient algorithms such as LWF [13]
or RxW [3] w.r.t. responsiveness, but a better service rate may be anticipate
due to improved service availability in comparison to the above mentioned and
other related scheduling approaches.

4 The PBS Scheduling Algorithm

In this section, we describe the Power-aware Broadcast Scheduler, or PBS, con-
sisting of two orthogonal parts, namely Broadcast Area Selector and Data Item
Selector. As the name implies, the Broadcast Area Selector determines how fre-
quently and at what particular broadcast cycle(s) any of the n equally-spaced
communication areas within the server’s communication coverage area will be
serviced. Based on the calculated broadcast area schedule (BAS) and the infor-
mation contained therein, as to which communication area, area(k), in the next
broadcast cycle (BC) is to be transmitted, the Data Item Selector then chooses
from the set of all outstanding, un-expired requests of area(k) those that yield
the highest service rate to the client population.



4.1 The Broadcast Area Selection Algorithm

In contrast to previously proposed real-time and non-real-time on-line broad-
casting schedulers, instead of assuming that the broadcast server is connected
to continuous power sources, we expect it to have only a limited amount
of energy at its disposal. Consequently, and, of course, depending on its
available energy resources, the server might be unable to transmit the re-
quested data to its maximum possible communication distance throughout
its service period, and, therefore, will be forced to service those areas with
larger radii less frequently or even not at all. The decision on the frequency
of servicing a particular communication area is primarily influenced by the
amount of energy available to the server, and secondarily by the number
of pending requests and their associated timing constraints of the respec-
tive area. In what follows, we describe how the PBS scheduler calculates the
BAS, and in order to facilitate its presentation, we refer to the following notions:

Tser Estimated or expected service period of the broadcast server in
BCs.

Tser(k) Fraction of Tser reserved for broadcasting data to area(k).
Tarr(k) Mean arrival time between two consecutive data requests origi-

nating from area(k).
T exp(k) Weighted (by the request arrival rate) mean expiration time of

all requests coming from area(k).
Eavail Amount of energy available to the server.
E(BAS) Amount of energy required to deploy the calculated BAS.
E(k) Amount of energy needed to transmit data to area(k) for the

duration of one BC.
P (k) Power required to transmit data to area(k).
Sloss(k) Service loss per unit of energy if Tser(k+1) is assigned to Tser(k).
Sinc(k) Service increase per unit of energy if Tser(k − 1) is assigned to

Tser(k).

By assuming the independence of the data request rate from the requester’s
location, i.e., that an item i is equally likely to be requested by a client located
in region(m, n) and in region(n, k) with m 6= k, m 6= n, the benefit of servicing
outstanding requests of area(k) is proportional to the expiration arrival ratio
(EAR) being computed as follows:

EAR(k) =
T exp(k)

T arr(k)
. (3)

Clearly, the higher the value of EAR(k), the more rewarding it becomes
to satisfy outstanding requests of area(k). Therefore, and in order to increase
the service rate of the server, areas with higher EARs should be selected for
data dissemination more frequently. However, as the power consumption for
sending microwave signals to longer distances grows exponentially, the frequency



of broadcasting information to area(k) should be inversely proportional to P (k).
Consequently, the fraction of Tser used to transmit data to area(k), denoted by

Tser(k), should be assigned in proportion to EAR(k)
P (k) and can be computed by

the following equation:

Tser(k) =

EAR(k)
P (k)

∑N

i=1
EAR(i)

P (i)

· Tser, (4)

with N denoting the cardinality of ServiceArea.
Once the Broadcast Area Selector has determined Tser(k) for all areas

area(k) ∈ ServiceArea, it needs to verify whether the deployment of the calcu-
lated BAS is efficient and energetically feasible, depending on whether it exceeds
or does not fully utilize the energy resources of the server. Based on the amount
of energy at the server’s disposal, it may find itself in one of following situations:
(a) First, and most conveniently, the amount of energy required to implement
the preliminary BAS equals the energy resources of the server. (b) Second, the
available energy resources (Eavail) of the server do not suffice to provide un-
interrupted broadcasting service throughout Tser. In that case, the BAS needs
to be adjusted to make the server consume less energy per time unit. To ad-
dress the energy shortage problem, a viable solution is to either partially or even
completely cease broadcasting activity to those communication areas whose cov-
erage is associated with a relatively low service rate loss per energy unit spent.
The area(k) with the lowest service loss per unit of available energy can be
determined by calculating Sloss(k) for all areas {area(k) ∈ ServiceArea|k > 1}
according to the following formula:

Sloss(k) =
EAR(k)−EAR(k − 1)

P (k)− P (k − 1)
. (5)

After the area(k) with the lowest Sloss(k) is found, the scheduler would
use the following formula to determine the fraction of Tser(k) that needs to be
assigned to Tser(k − 1) in order to decrease and possibly overcome the energy
deficit:

Tser(k − 1) =











Tser(k − 1) + Tser(k),
if Eavail < (E(BAS) −

Tser(k) · (E(k)−E(k − 1)))

Tser(k − 1) + E(BAS)−E(avail)
E(k)−E(k−1) , otherwise.

(6)
Depending on the difference between E(BAS) and Eavail as well as on the

energy savings potential of re-assigning service time from area(k) to area(k−1),
the scheduler might be forced to suspend the broadcasting activity to other com-
munication areas than area(k). That is, the scheduler will continue to reduce
longer-range communication duties in favor of shorter-range ones until the con-
dition that Eavail equals EBAS holds.
(c) Finally, Eavail might exceed the amount of energy required to deploy the



preliminarily calculated BAS, in which case the server is able to increase the
portion of longer-distance broadcasts which certainly helps increase its service
rate. Contrary to the previous situation, this time the scheduler needs to deter-
mine the area(k), which would cause the highest service rate increase per energy
unit consumed (compared to the other areas), if served more frequently by re-
allocating Tser(k− 1) to Tser(k). More precisely, the scheduler has to determine
the area(k) with the highest service rate increase per unit of energy deployed,
which is done by computing Sinc(k) for all areas {area(k) ∈ ServiceArea|k ≥ 2}
according to the following equation:

Sinc(k) =
EAR(k)−EAR(k − 1)

P (k)− P (k − 1)
. (7)

Based on the result of Equation 7, the scheduler needs to determine whether it
is affordable (energy-wise) to re-allot either all parts of Tser(k− 1) to Tser(k) or
only fractions thereof. To do so, the PBS scheduler uses the following formula:

Tser(k) =











Tser(k) + Tser(k − 1),
if Eavail > (E(BAS) +

Tser(k − 1) · (E(k)−E(k − 1)))

Tser(k) + E(BAS)−E(avail)
E(k)−E(k−1) , otherwise.

(8)

If Eavail still surmounts E(BAS) after Tser(k−1) has been completely added to
Tser(k), the scheduler would again calculate Equation 7 for all areas {area(k) ∈
ServiceArea|k ≥ 2, Tser(k) > 0} followed by applying Formula 8. This process
repeats until eventually Eavail equals E(BAS). As a result of the re-allocation
operations, a few communication areas located within the server’s broadcasting
distance might not be serviced “directly” anymore, but their associated requests
would be satisfied during broadcasts to areas with larger radii than their own. In
what follows, we denote the set of remaining areas experiencing direct broadcast
support as ServiceAreadirect, so that ServiceAreadirect ⊆ ServiceArea.

Up to this point, we only know which areas need to be broadcast to and
how frequently each of those areas should be serviced. What remains to be
discussed is the problem of building a concise schedule based on that information.
For this purpose, the scheduler deploys Algorithm 4.1 which maintains for each
area(k) ∈ ServiceAreadirect an additional variable Bk representing the earliest
logical time area(k) is to be serviced next time. The algorithm uses a number of
variables keeping track of temporary results and the algorithm’s progress status,
respectively. Additionally, a new parameter, termed threshre−calc, is introduced
to represent the upper bound on the number of forthcoming BCs up to which the
algorithm needs to calculate the broadcast area schedule. The intuition behind
threshre−calc is the observation that the distribution of mobile clients within the
server’s communication coverage area as well as their request behavior typically
change over time and therefore the broadcast area schedule should be subject to
periodic re-calculations to compensate for those changes.



T ser ←− average value of Tser(k) over area(k) ∈ ServiceAreadirect;
Bk ←− 0 for all area(k) ∈ ServiceAreadirect;
i ←− 1;
Bmin ←− 1;
while i ≤ threshre−calc do

foreach area(k) ∈ ServiceAreadirect do

if Bmin ≥ Bk then
Bmin ←− Bk;
Di ←− k

Bk ←− Bk + T ser

Tser(k) · T ser

for k ∈ Di;

Bmin ←− 1;
i++

Algorithm 4.1: The broadcast area scheduling algorithm.

4.2 The Data Item Selection Algorithm

The Data Item Selector’s task is to choose from the pending, un-expired requests
those maximizing the server’s service rate based on the mapping of broadcast
areas to BCs and the requests currently queued at the server. Obviously, when
examining outstanding requests in order to calculate the data item schedule for
the next broadcast cycle, BCi, the scheduler would only consider those requests
that come from a broadcast area served during the respective BCi. All other
requests will be ignored at that instance of time. Provided the number of re-
quests for distinct data items queued at the server exceeds the available slots
in the data item schedule of BCi, at least two criteria should be taken into
account when generating it: (a) the timing constraints attached to the outstand-
ing requests and, (b) the popularity of the requested data items. A well-known
on-demand transmission scheduling policy that bases scheduling decisions solely
on the deadline criterion is Earliest Deadline First (EDF) [27, 50]. This policy,
however, is only suitable for non-bandwidth-constrained broadcasting environ-
ments, that is, it provides good (i.e., optimal) performance only if the available
network bandwidth capacity does suffice to meet the deadlines of all pending
requests [23]. However, requests in mobile environments are typically bursty in
nature and attached timing constraints may vary drastically over time [9, 14, 24,
47]. Therefore, overload situations may arise, when deadline misses, i.e., some
data requests cannot be fulfilled within their associated expiration time periods,
become unavoidable. Under such circumstances, the scheduler needs to ensure
efficient utilization of the available bandwidth capacity in order to prevent a se-
vere drop in the service rate. An effective remedy for network overload is to batch
multiple requests for the same data item and handle those requests together at
a single (broadcast) transmission rather than at multiple ones. Applying this
approach to our scheduling problem actually implies giving frequently requested



data items a higher scheduling priority compared to those with fewer entries in
the request queue. The formula by which the PBS scheduler ultimately deter-
mines the scheduling priority of a data item x, denoted Pri(x), is shown below:

Pri(x) =









∑

∀Reqk

i
(x):

k≤Di

1

T i
exp(x) − Tcur









· (Tcur − Told(x)), (9)

where Reqk
i (x) refers to the i-th schedulable data request for item x submitted

to the server from area(k) and Di represents the broadcast distance of the next
broadcast cycle BCi. Additionally, T i

exp(x) is the broadcast cycle identifier when
the i− th request for data item x expires, Tcur stands for the current logical time
which is equal to the identifier of the current BC, Told(x) represents the time,
i.e., broadcast cycle identifier, when the oldest (either expired or un-expired)
request for item x entered the request queue of the server.

Told(x) has been added to Equation 9 to provide scheduling fairness among
the waiting data requests and represents the third, not yet mentioned, scheduling
selection criterion of the PBS scheduler. Scheduling fairness is especially impor-
tant under conditions when the broadcast server is overloaded and the request
workload is largely skewed in order to prevent requests for unpopular data items
from not being served at all. To ensure that scheduling starvation does not occur,
the PBS scheduler keeps track of Told for any requested data item x and uses
its value as a means to increase the relative scheduling priority of all those data
items not disseminated for a long time. In this respect, it is important to note
that while PBS discards data requests that have missed their deadlines from the
request queue, it remembers for any requested data item x the identifier of the
corresponding BC when the first request for x arrived at the server. This value
will only be reinitialized in case item x gets selected for transmission.

4.3 The Lightweight PBS Algorithm

As the time complexity of the previously proposed PBS algorithm is O(n) with
n representing the number of distinct, schedulable data requests, there are at
least two reasons why it is desirable to reduce its computational overhead: (a)
As the power consumption of the server is an issue of concern, reduction in
the number of instruction cycles required to determine the scheduling priorities
of all outstanding, un-expired requests would certainly help the server to save
energy resources which can then be used elsewhere, e.g., to increase the mean
communication distance. (b) The amount of time required to make scheduling
decisions should be minimized since the scheduling process runs within a critical
section during which period newly arriving requests cannot be processed and
thus cannot be considered for scheduling.

To reduce the overhead of the PBS algorithm, we introduce its lightweight
version, called PBSlight, based on the following two complementary approaches:



(a) reducing the search space when calculating the scheduling priority of re-
quested data items, and (b) computing approximate priority values within the
pruned search space. Both techniques are not new and were previously dis-
cussed within the framework of the RxW scheduling algorithm [3]. However,
the RxW algorithm differs from the PBSlight algorithm by at least two facts:
(a) RxW considers only two metrics when making scheduling decisions, whereas
PBSlight has three metrics. (b) Even more importantly, because RxW operates
on a broadcast-to-broadcast tick basis, it schedules only a single data item at a
time. This contradicts the PBSlight algorithm which is expected to run orders
of magnitude less frequently than RxW since it always schedules as much data
items for transmission as there are available slots in the broadcast schedule of
the forthcoming BC. Therefore, the proposed optimization techniques in [3] need
to be adjusted to meet PBSlight’s requirements. As mentioned in Section 3.1, the
PBSlight scheduler maintains three sorted doubly-linked lists, termed ET-List,
R-List, and S-List, whose entries can be referred to through a hash table. All
three lists contain pairs of values with the first member of each pair representing
the identifier of the respective data item and the second value being the average
expiration time of the particular item’s pending requests, T exp, (ET-List), the
number of outstanding, un-expired requests, Reqout, (R-List), and the identifier
of the BC within which the oldest outstanding request, Told, arrived at the broad-
cast server (S-List). While ET-List and S-List are ordered in ascending order of
T exp, and Reqold respectively, the R-List is ordered by descending Reqout values
as shown in Figure 3.2. As can be deduced from the described list structures,
the first technique used by PBSlight to reduce the computational and storage
overhead of PBS is to aggregate the absolute expiration times of all requests for
the same data item by averaging them. Clearly, using the request’s median expi-
ration time value as basis for scheduling decisions would be more accurate than
the mean value, especially if time constraints are largely skewed. However, as the
calculation of the former requires the scheduler to keep track of any outstanding,
un-expired request, we opted for the latter solution. Additionally, note that the
applied aggregation technique, although efficient in reducing the complexity of
the scheduling process, obviously comes at the expense of generating imprecise,
i.e., sub-optimal schedules.

The second method applied by PBSlight is to reduce the set of scheduling
candidates out of which the scheduler is to select those providing the highest
service rate to the clients without causing waiting requests to starve. PBSlight

proceeds by dividing the calculation process into two parts and starts by com-
puting Prino−age values using the following equation:

Prino−age(x) =
Reqout(x)

T exp(x) − Tcur

. (10)

In order to avoid unnecessary computations, PBSlight exploits the ordering
property of the ET- and R-Lists and traverses them both in alternating fashion
from the top to the bottom. At each traversal step it calculates the Prino−age

value of the respective data item examined and inserts the computational result



along with the identifier of the data item into a separate list, termed P-List. Sim-
ilarly to R-List, P-List is descendingly-ordered by the Prino−age value. But, and
in contrast to the other three lists, P-List has only a limited number of storage
slots available which is equal to the number of entries in the broadcast schedule
of the next BC. Once all available entry slots within P-List are occupied for the
first time, two lower bound parameters LB(T exp) and LB(Reqout) attached to
the ET- and R-Lists, respectively, are used by PBSlight to decide whether more
data items need to be examined, since they may yield a higher scheduling benefit
to the clients than any other data item currently contained within the P-List,
or whether the calculation can be terminated. The parameters’ values have the
property of separating the ET- and R-Lists in two variably-sized parts with the
bottom part known to contain data items whose respective Prino−age values are
smaller than the current minimum Prino−age value of the P-List. Consequently,
those data items can be excluded from the calculation. By inversion, list en-
tries with larger Reqout or T exp values than their corresponding lower bounds
qualify as candidates for the calculation. The actual computation of those two
parameters begins after the last available storage slot in the P-List has been oc-
cupied. Assume that the last data item examined by the scheduler stems from the
ET-List and the minimum Prino−age value of the P-List is MinPri. Then, the
scheduler calculates LB(Reqout) of the R-List by using the following equation:

LB(Reqout) = (ETnext − Tcur) ·MinPri, (11)

where ETnext denotes the mean expiration time of the next unexamined entry in
the ET-List. If the computed LB(Reqout) value exceeds the Reqout value of the
next entry of the R-List, the algorithm stops computing Prino−age values and
proceeds the scheduling process by examining the S-List as described below.
Otherwise, the next entry (if there is any) of the R-List is examined and its
associated Prino−age value is calculated. If this value turns to exceed MinPri,
the data item with the lowest Prino−age value is removed from the P-List and
the examined data item is inserted by preserving the list’s sorting order. Further,
MinPri is updated, and the scheduler calculates LB(T exp) based on the following
formula:

LB(T exp) = Tcur +
Rnext

MinPri

, (12)

where Rnext denotes the number of outstanding requests of the next still unex-
amined data item of the R-List. The algorithm continues until one of the lower
bounds is passed by the actual calculation position on any of the associated lists.
At this point, MinPri is confirmed to be the upper bound on the Prino−age value
of all requested data items not included into the P-List.

To illustrate the operation of the algorithm, consider the following initial
situation as shown in Figure 4.3. The figure depicts the status of the scheduler’s
data structures after item 6 has been assigned to the last available entry slot of
the P-List. At this point, the scheduler calculates the LB(T exp) value for the
first time, which returns 10 + 9

0.5 = 28. The scheduler goes on by examining
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Fig. 4.3. Example of PBSlight determining the P-List entries.

the next entry in the ET-List whose Prino−age value is larger than the current
MinPri value (0.5 < 1.75). As a consequence, item 54 is inserted at the top of
the P-List shortly after item 34 was evicted from the list. Further, MinPri is
updated to 0.6 and LB(Reqout) is computed for the first time and set to 7.2. The
PBSlight scheduler then checks item 0 and computes its Prino−age value which
turns out to be lower than MinPri (0.54 < 0.6). Hence, data item 0 does not
qualify to be inserted into the P-List, and LB(T exp) is updated to 21.7. Since
T exp of the next entry in the ET-List (item 45) is larger than the computed
LB(T exp) (22 > 21.7), the algorithm terminates and exits at that point.

The last technique applied by PBSlight to reduce the scheduling costs is en-
forced at the computational stage and is aimed at solving the request starvation
problem. To this end, the scheduler maintains for each requested data item x the
logical time, Told, of the item’s oldest, but not necessarily schedulable, request
in the S-List, and computes its priority value, Pri(x), according to the following
formula:

Pri(x) = Prino−age(x) · (Tcur − Told(x)). (13)

To reduce the computational costs incurred by calculating priority values,
the PBSlight scheduler computes them only for two (not necessarily disjoint)
sets of items. The first set consists of all the data items currently stored within
the P-List and the second comprises all those requested data items that have
not been broadcast for a long time. Thereby, what time actually is considered as
long, is configurable by the server through a time threshold parameter, Tthresh,
whose value represents the period of time after which outstanding requests are
considered to suffer from starvation. Tthresh can be set to any value from Tcur to
some point in time in the past, and the PBSlight scheduler will compute priority
values only for those data items of the S-List with Told at least as old as Tthresh.
Consequently, the lower Tthresh is set, the fewer Pri values need to be computed,
but the longer clients might need to wait until less frequently requested items
appear on the broadcast channel. The calculation of priority values starts by first
considering the data items listed in the P-List and is continued by examining all
those data items recorded in the S-List for which the condition Told ≤ Tthresh



holds and for which there exists at least one outstanding, un-expired request in
the server queue. If some item x in the S-List (x /∈ P-List) has a higher Pri value
than any other item in the P-List, x is inserted into the latter list causing the
item with lowest Pri value to be discarded. Once the scheduler has completed
the calculation, the P-List contains the data items with the highest calculated
priority values and those will be broadcast in the next BC.

5 Experimental Results

In this section, we describe results of an extensive simulation study conducted to
evaluate the performance of the PBS and PBSlight schedulers. We also compare
PBS’s performance with other scheduling algorithms. Let us begin by presenting
the simulator’s setup and workload model.

5.1 System Model and Workload Parameters

To simulate an on-demand data broadcasting system accurately, it is necessary to
model all the components which significantly impact the scheduling performance.
The modeled simulation system is similar to the one presented in Subsection 3.1
and is therefore only briefly described below. The broadcast server including the
broadcast scheduler lies at the heart of the simulator and has the capability to
send requested data items to 10 broadcast areas each one 1 radius step apart
from the other area starting with radius 1r and the channel path loss exponent
α is set to 3. In the default setup of the simulator, the amount of energy avail-
able to the server is restricted to 4 · 107 units and the expected service period
amounts to 1,000 BCs. The amount of energy required to broadcast one data
item to area(1) is set to 1 unit, i.e., the server consumes 1 ·103 units to transmit
an item to area(10). The broadcast server maintains a database of 10,000 items
in size and 100 data items are disseminated within each broadcast cycle. The as-
signment of broadcast distances to broadcast cycles is periodically re-calculated
at intervals of 50 BCs. Mobile clients are not modeled as separate facilities within
the simulator; instead their behavior is simulated through a request generator
which produces a sequence of data requests. Each request contains information
on its spatial origin, the identifier of the requested data item, and its expiration
time. Thereby, the generated values for those three parameters are derived by
using three different statistical distributions described below.

The probability of a specific data item being requested follows a Zipf dis-
tribution [52] with parameter θ set to the default value of 0.8, meaning that
approximately 75% of all requests apply to 25% of the database which approx-
imately equals the data reference behavior experienced in production database
systems [18]. Note that in Zipf distribution, the probability of accessing the i-th
most popular object is:

pi =
1

iθ ·
∑N

j=1
1
jθ

, (14)



where N is the number of objects in the database and θ is the skewness param-
eter [5]. To illustrate the sensitivity of PBS and the other scheduling policies
studied to changes in the frequency distribution of data requests sent to the
server, we varied θ and reduced it from 0.8 to 0.5.

The probability of a request to originate from region(x−1, x), denoted p r(x),
approximates a Zipfian distribution and is computed as follows:

p r(x) =
(10− | x−RRC |)∆

∑10
i=1 (10− | i−RRC |)∆

, x = 1, 2, . . . , 10, (15)

where ∆ determines the skewness of the distribution in the request frequencies
of various broadcast regions and RRC (standing for Region Request Center)
denotes the identifier of the region(y−1, y) with the highest probability of issuing
requests. Note that if ∆ equals 0, the regional request frequency distribution
downgrades to a uniform distribution and the value of p r(x) behaves reversely
proportional to the value of |x − RRC|. Throughout our experiments, ∆ is set
to 0.8 and RRC to 1, i.e., almost 80% of the data requests come from only 20%
of the regions and those are located within close proximity to the server.

The request’s expiration time of region(x− 1, x) follows a uniform distribu-
tion in the range [ 12T

r

exp(x), 3
2T

r

exp(x)], where T
r

exp(x) represents the region’s
mean request expiration time. To model the assumption that mobile clients lo-
cated at farther distances from the server may have weaker timing constraints,
T

r

exp(x) is set to T
r

exp(1) ·xβ where β specifies the relative difference in the mean
request expiration time between the broadcast regions. In the basic experiments,
β is set to 0.5 and T

r

exp(1) is set to 4 BCs. The inter-arrival time between two
consecutive data requests is modeled as a Poisson distribution with the mean
rate λ set to 40 requests per broadcast tick. The main parameters and workload
settings of the simulator are once more summarized in Table 5.1.

5.2 Experiment 1: Service Rate and Power Usage

In the first experiment, we investigated the impact of the amount of energy avail-
able to the server on its service rate when using PBS as scheduling policy along
with three variants of the PBS scheduler which do not dynamically adjust their
broadcasting activity according to the server’s energy resources but which rather
continuously transmit the requested data to a predefined area. The PBS variant
that steadily broadcasts data only to area(1) is termed PBSfixed(1), whereas the
other two policies each servicing area(7) and area(10), respectively, are called
PBSfixed(7) and PBSfixed(10). The performance results of the experiment are
shown in Figure 5.4. As the service period of the server is set to 1,000 BCs and
each BC has a length of 100 broadcast ticks, it takes 100,000 units of energy
to serve area(1) during the server’s service period. If the amount of energy at
the server’s disposal is less than, or equal to, 100,000 units, the PBS scheduler
broadcasts data items to area(1) until its energy is dissipated. Therefore, and as
the results in Figure 5.4 show, the performance results of PBS and PBSfixed(1)
are identical under such conditions. If the system has more than 100,000 units of



Parameter Description Default Value Sensitivity Range

λ Mean request arrival rate (requests per
broadcast tick)

40 -

DBSize Database size (number of data items) 10,000 [1,000-10,000]
Tser Estimated service period (broadcast cy-

cles)
1,000 -

Eavail Amount of energy available to the server 4 · 107 [103-109]
θ Skewness in the frequency distribution

of data references
0.8 [0.5, 0.8]

∆ Skewness of the distribution in the re-
quests’ origins

0.8 -

RRC Region with the highest probability of
issuing requests

1 [1-10]

T
r

exp(1) Mean expiration time of region(0, 1) 4 -
β Exponential weight factor 0.5 [0-2]

Table 5.1. System and workload parameters.

energy available, the service rate of PBS increases significantly and it performs
at least as well or even considerably better than any static PBS variant. Further,
the results shows that the service rate increase of PBSfixed(1) and PBSfixed(7)
policy tops out before the maximum of 1 is reached even if energy resources are
available in abundance. The reason is, obviously, related to the communication
distance constraint being imposed on both policies. Therefore, if the available
energy exceeds a certain threshold value, the service rate does not increase any-
more. The number of energy units used by the broadcast server as a function
of time is shown in Figure 5.5. As can be seen in the diagram, the deployment
of the PBSfixed(10) scheduling policy incurs high energy costs and therefore, the
server’s energy reserves last only for a period of about 400 BCs. Further, both
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the PBSfixed(1) and PBSfixed(7) policies do not completely use their available en-
ergy resources during the service period of the broadcast server which contrasts
the PBS scheduler.
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Fig. 5.5. Energy usage: Amount of energy consumed as a function of time.

5.3 Experiment 2: Effect of the Distribution of the Requests’

Origins and β on the Service Rate

To study the effect of different distributions in the origins of the client requests
on the scheduling performance of PBS, the RRC parameter is first set to 1, 4
and then to 10. As expected and can be seen in Figure 5.6(a), when RRC is
equal to 1, i.e., the majority of the data requests come from regions with close
proximity of the server, the service rate of PBS reaches its optimum with the
lowest energy consumption for all examined distributions. Additionally, the more
requests come from farther distances of the server, the more energy is required to
satisfy them and to achieve an acceptable service rate. If RRC is set to 10, i.e.,
about 75% of the total number of requests come from area(9) and only about
8% stem from area(4), the energy consumption required for providing the same
service rate is on average about one order of magnitude higher than if RRC is
equal to 1.

In another set of experiments, we varied the setting of β from 0 to 1.5 in in-
crements of 0.5 to investigate the effect of the tightness of the requests’ time con-
straints on the schedulers performance. The results are shown in Figure 5.6(b),
and, as expected, the service rate improves with increasing mean request expi-
ration time. The reason is that the longer the time period to satisfy outstanding
requests, the more requests for the same data item can be batched and satisfied
together, thus improving the network bandwidth capacity and, consequently, the
service rate.
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Fig. 5.6. (a) The impact of varying RRC and (b) β on the performance of PBS.

5.4 Experiment 3: Varying the Request Expiration Time

In the previous series of experiments, the impact of changing the mean expira-
tion time on the performance of PBS was investigated. To this end, the simulator
was run with three distinct values of the parameter β. However, in those exper-
iments β remained unchanged throughout the simulation runtime, i.e., timing
constraints associated with requests of the same spatial region were constant.
To change this and to examine the adaptiveness of PBS to the changes in the
mean request expiration time, we conducted additional experiments by dynami-
cally varying the setting of β every 50 broadcast cycles. This was done by setting
the request generator to periodically change β according to a uniform distribu-
tion in the range from 0 to β′ where β′ is a decimal value set at increments of
0.5 in the interval of [-2,2]. To quantify the performance penalty experienced
in environments with fluctuating request deadlines, where the broadcast area
schedule is not periodically re-calculated, we ran the simulator using two dif-
ferent PBS versions: (a) The first variant determines the BAS only once at the
simulator initialization time and is called PBSonce. (b) The second version repre-
sents the original PBS algorithm as proposed in Subsection 4.1, and periodically
re-calculates the BAS whenever β′ is changed. The performance results of the
experiments are shown in Figure 5.7. For comparison reasons, the diagram ad-
ditionally contains experimental results of PBSfixed(10).

The results nicely confirm the findings of prior experiments that the service
rate increases if deadline constraints imposed on requests are relieved. Further,
it can be observed that the relative benefit of re-calculating BASs grows with
increasing request expiration times. For example, if β′ = 2, the service rate of
PBS is significantly higher (by about 5%) than that of PBSonce. For much lower
values of β′ (≤ 0), however, the relative performance difference between both
algorithms is negligible. Additionally, PBS and PBSonce significantly outperform
PBSfixed(10), and more interestingly, the absolute and relative performance gap
widens with increasing request expiration time. The reason for PBSfixed(10)′s
underperformance is the fact that the broadcast server runs out of energy at



0

0.2

0.4

0.6

0.8

1

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2
S

er
vi

ce
 R

at
e

β’

PBS
PBSonce
PBSfixed(10)

Fig. 5.7. Performance impact on PBS, PBSonce, and PBSfixed(10) if β is varied
periodically.

some point thus causing the service rate to drop to zero for the rest of the
simulated period. Therefore, PBSfixed(10) benefits only disproportionately from
an increase in the request expiration time.

5.5 Experiment 4: Performance Impact of Avoiding Request

Starvation

One of PBS’s objectives is preventing requests from “starving” while waiting to
be served. However, and as argued before, its enforcement penalizes the system’s
performance and, therefore, needs to be quantitatively investigated. To this end,
we conducted experiments by using, on the one hand, the original PBS scheduler
for making scheduling decisions and, on the other hand, a variant of PBS, called
PBSno−age, that builds the data item schedule on the basis of the requested
items’ Prino−age values, i.e., it does not favor data items with long-outstanding
requests for scheduling. In order to evaluate the performance of both schedulers
under various BASs, we varied the amount of energy available to the server from
1, 000 to 107 units.

The experimental results, shown in Figure 5.8(a), confirm the expectation
that PBSno−age’s performance would be superior to that of PBS. Moreover, it can
be seen that if the server operates under tight energy constraints (< 106 units),
the observable performance gap between both schedulers is only marginal since
only a small portion of the available network capacity will be used by PBS to
serve “cold” data items. However, as more energy is provided to the server,
long-range broadcast communication becomes dominant ultimately leading to
a significant increase in the service rate. As a side effect of longer communica-
tion distances, the scheduling search space grows in size, i.e., potentially more
data items need to be examined for computing optimal broadcast schedules.
Additionally, the portion of requested data items detected as starvation vic-
tims, and qualified for broadcasting increases resulting in a relative performance
drop of PBS compared to PBSno−age. The performance difference peaks at the



point where the available server energy approaches 2 ·106 units reaching approx.
5%. Thereafter, the performance gap gradually falls back as the service rate
approaches its optimal level thus eliminating the starvation problem.
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Fig. 5.8. Performance penalty for solving the starvation problem: (a) Service
rate of PBS and PBSno−age as a function of the amount of available server
energy and (b) service rate of PBS and PBSno−age broken down by data item
clusters.

Although the performance of PBS is on average about 2% lower than that of
PBSno−age, on a median basis, however, it might provide even superior schedul-
ing results. The reason is that PBS treats outstanding un-expired requests more
fairly than PBSno−age as the former tends to schedule less frequently requested
data items more often. As a consequence, and as can be observed in Figure 5.8(b),
the service rate provided by PBS for the majority of data items is slightly higher
than the one provided by PBSno−age. Note that the results presented in Fig-
ure 5.8(b) were generated by clustering the items of the database (10,000) into
200 groups according to the their request probabilities (i.e., items with similar re-
quest probabilities are grouped into one cluster). Further, note that the clusters
were assigned to the x-axis in descending order of their reference probabilities.

5.6 Experiment 5: Comparative Performance of PBS against other

proposed Algorithms

In this section, we investigate the performance of PBS in comparison to other
broadcast scheduling algorithms which either do or do not consider time con-
straints. Related scheduling policies of the first group are EDF and EDFBatch [27,
50]. Remember EDF is a policy that always selects the items with the earliest
expiration times for broadcasting and ignores no longer schedulable requests.
EDFBatch builds upon EDF extending it by employing batching to serve multiple
requests of the same item via a single transmission. We conducted the compar-
ative simulations in an energy-unconstrained environment setting the server’s



energy resources to 1 · 109 units, i.e., the server is able to broadcast to area(10)
throughout the simulation runtime. We again use the service rate as perfor-
mance measure and gather the performance results by varying the mean request
arrival rate in the range of 1 to 200. To investigate the policies sensitivity to the
skewness in the frequency distribution of the data references, we set the Zipfian
parameter θ to 0.5 and 0.8, respectively.

As can be observed from Figures 5.9(a) and (b), the performance of EDF
and EDFBatch is, on average, about 74% and 18%, respectively, lower than that
of PBS. Additionally, and in accordance to the results presented in [50], the rel-
ative performance penalty of using EDF instead of EDFBatch averages around
70%. The reason of PBS outperforming the other two scheduling policies is that
the latter base scheduling decisions merely on the criteria of the requests’ ex-
piration times and do not include information on the number of outstanding,
un-expired requests referring to the same data items. As a consequence, EDF
and EDFBatch always select the data items with the tightest deadline constraints
for broadcasting and those items are likely to provide either no or only a mi-
nor batching effect. Therefore, in environments with non-uniform data request
patterns, PBS tends to use the available broadcasting bandwidth much more
efficiently than the other two scheduling approaches. Further, and as noted in
[50], EDFBatch is superior to EDF since after broadcasting the scheduled items,
it removes other requests for the same data items from the request queue. Fig-
ures 5.9(a) and (b) also illustrate that the relative performance gap between
the investigated scheduling policies is narrowing as the frequency distribution in
the data requests becomes more skewed. For example, the relative performance
difference between PBS and EDFBatch diminishes from about 27% to 10% by
increasing the parameter value θ from 0.5 to 0.8.

Prominent representatives of non-real-time scheduling policies are
FCFS (First-Come-First-Served), LWF [13], and RxW [3]. Since all three
algorithms were not devised to operate in an energy-limited environment,
and in order to ensure a fair performance comparison with PBS, we again
modeled an energy-unconstrained server. This time, however, we opt for the
average waiting time to serve as comparison metric as it is traditionally used
in performance studies of non-real-time schedulers. The simulation results are
illustrated in Figures 5.9(c) and (d). Since the FCFS scheduler chooses data
items for broadcasting irrespective of their access probabilities, it performs
poorly compared to the other three algorithms. LWF and RxW provide the
best performance with LWF outperforming RxW by a few decimal percentage
points. PBS performs slightly worse than LWF and RxW and its average waiting
time is, on average, about 4% higher than that of the other two algorithms.
The reason for PBS’s underperformance is that it is primarily concerned with
maximizing the service rate and only secondarily with minimizing the average
waiting time, which causes a minor, but nevertheless noticeable performance
loss. Besides, and contrary to previous experiments, the relative performance
difference between the studied scheduling policies now widens in terms of the
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Fig. 5.9. Performance comparison: Service rate ((a) and (b)) and average wait-
ing time ((c) and (d)) of various scheduling policies by varying the frequency
distributions in the data requests.

average amount of time it takes the server to reply on data requests as the
skewness in the frequency distribution of the data requests increases.

5.7 Experiment 6: The Performance of PBS vs. PBSlight

Besides the scheduling performance, an essential criteria for evaluating schedul-
ing policies is their processing overhead. PBSlight has been proposed as a com-
putationally less intensive alternative to PBS. In what follows, we examine
PBSlight’s efficiency in reducing the scheduling overhead as well as its perfor-
mance characteristics. We proceed by varying the database size in the range from
1,000 to 10,000 and evaluate the scheduling overhead of PBS vs. PBSlight. To
observe the effect of Tthresh on the scheduling performance and on the overhead
of PBSlight, we run the experiments with Tthresh set to Tcur−{0, 10, 100, 1, 000}.
In what follows, and for the sake of simplicity, we refer to the different variants
of PBSlight by using the shortcut Tthresh = {0, 10, 100, 1, 000}. The results are
shown in Figure 5.10 and demonstrate that the scheduling costs of both PBS
and PBSlight grow only sub-linearly with increasing database size. PBS has, as



expected, the highest scheduling overhead, followed by PBSlight with Tthresh

set to 0, 10, 100, and 1,000, respectively. As PBS is a computationally exhaus-
tive algorithm, its scheduling overhead is proportional to the number of distinct
pending requests. Consequently, under long periods of heavy load there exists for
almost any item of the database at least one outstanding request in the request
queue, and, therefore, the computational overhead may become a system bottle-
neck. PBSlight exploits pruning in order to reduce the candidate search space for
calculating maximal Prino−age values, computes approximate Prino−age values
and may exclude parts of the S-List from calculating Pri values by means of the
Tthresh parameter. The results show that when applying the first two measures
alone (i.e., if Tthresh = 0), an average savings of about 67% at a load of 40 re-
quests per broadcast tick is achieved. The savings in the computational overhead
can even be increased up to a maximum of 98%, if S-List entries are completely
left-out of the calculation (i.e., if Tthresh = 1, 000).

However, and as can be seen in Figure 5.10(a), the reduction in the schedul-
ing overhead of PBSlight does not necessarily come for free, but may rather be
accompanied by a drop in the service rate. For example, if the ratio of the num-
ber of items scheduled per broadcast cycle to the size of the database is relatively
high (≥ 0.03), PBS slightly outperforms PBSlight, independent of the setting of
the Tthresh parameter. However, if only a small portion of the database is broad-
cast per cycle, PBSlight performs superior to PBS. To interpret the observed
performance results, it is important to remember that PBSlight’s scheduling per-
formance is dwarfed by imprecision arising from calculating Pri values on the
basis of averaged and not the detailed request deadline data. On the other hand,
however, PBSlight is able to trade-off scheduling performance for scheduling fair-
ness via the Tthresh parameter. Therefore, and in close dependence on the actual
Tthresh setting, the performance of PBSlight may even be superior to that of
PBS.
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Fig. 5.10. (a) Scheduling overhead and (b) scheduling performance of PBS and
PBSlight.



6 Conclusion and Future Work

In this paper, we have studied the issue of efficiently scheduling time-constrained
data requests in an energy-limited data broadcast environment. Scheduling on-
demand data broadcast requests by an energy-constrained data broadcast server
imposes many new research issues such as when and how frequently the server
should service the various differently-sized circular communication areas cen-
tered around the broadcast server. Additionally, the problem of making schedul-
ing decisions aimed at maximizing the service rate of the server needs to be
addressed. As a response to those algorithmic challenges, we proposed a power-
aware broadcast scheduling policy called PBS. It consists of two complementary
parts: (a) the Broadcast Area Selector and (b) Data Item Selector. While the for-
mer solves the issue of mapping broadcast communication distances to broadcast
cycles, the latter is responsible for constructing data item schedules. Besides, we
designed a lower-overhead, approximate algorithm for PBS, termed PBSlight.
It differs from PBS by cutting down the candidate search space when looking
for requested data items with maximal priority values and also by relying on
the parameter Tthresh to trade-off scheduling overhead for starvation fairness.
To evaluated the performance of both algorithms and to compare them to the
previously proposed scheduling policies, an extensive simulation study was con-
ducted. The performance analysis showed that PBS significantly outperforms
state-of-the-art real-time scheduling algorithms such as EDF and EDFBatch and
only slightly underperforms LWF and RxW designed to schedule non-real-time
requests in terms of the average request waiting time measure. Further, we ob-
served that the performance of PBSlight is comparable to that of PBS and may
even be superior if Tthresh is chosen so as to allow only a few entries of the S-List
to participate in the priority calculation.

There remain issues to be addressed in the future which may contribute to
a performance improvement of the broadcast server. To increase the size of the
area to which broadcast services are provided, multiple broadcast servers may be
set up with partially overlapping communication coverage areas. To avoid that
two or more energy-constrained broadcast servers disseminate the same data
items to a commonly served region at equal times, synchronization between the
broadcast area and data item schedules of the involved servers is required. As
a result of the collaboration, the overall average response time and the service
rate of the broadcast servers may be improved. Another possible performance
enhancement measure aimed at reducing the fraction of client requests that
miss their deadlines is by means of establishing a MANET between the clients.
In MANETs, mobile clients can communicate directly with each other with-
out the need of contacting a base station provided that they are located within
each others communication coverage area. MANETs can be used to extend the
communication capabilities of an energy-constrained broadcast server in various
ways: (a) As the communication coverage area of an energy-limited broadcast
server is typically restricted and varies periodically, mobile clients located at the
border of the server’s communication area can act as relay nodes to transfer re-
quested data items to clients currently not within the server’s broadcast radius;



(b) Rather than requesting any missing data item from the broadcast server,
data requests can now also be transmitted to neighboring mobile clients in the
hope that those either cache the requested data item themselves or can relay
the request to some other mobile client which would be able to satisfy it. As a
consequence, potentially fewer data requests need to be transferred to the broad-
cast server reducing the length of its request queue and ultimately increasing its
service rate since more requests are likely to be processed before their deadlines
are exceeded.
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