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Abstract
The periodic broadcasting of frequently requested data can reduce the workload of uplink channels and improve data
access for users in a wireless network. Since mobile devices have limited energy capacities associated with their reliance on
battery power, it is important to minimize the time and energy spent on accessing broadcast data. The indexing and scheduling of broadcast data play a key role in this problem. In this paper, we formulate the index and data allocation problem
and propose a solution that can adapt to any number of broadcast channels. We ﬁrst restrict the considered problem to a
scenario with no index/data replication, and introduce an optimal solution and a heuristic solution to the single-channel
and multichannel cases, respectively. Then, we discuss how to replicate indexes on the allocation to further improve the
performance. The results from some experiments demonstrate the superiority of our proposed approach.
 2006 Elsevier B.V. All rights reserved.
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1. Introduction
The rapid advances in computer software, computer hardware, and wireless network technologies have led
to the widespread implementation of mobile computing. In this environment, users can retrieve information
from wireless channels (with generally narrow bandwidth) anytime and anywhere. How to disseminate data
eﬃciently to a large number of users in the mobile computing environment is challenging due to the necessity
to consider time and energy eﬃciencies, given that mobile devices have limited energy capacities associated
with their reliance on battery power. There are two general methods to disseminate data through wireless
channels: (1) broadcast (push-based), which enables users to retrieve data by simply listening to a particular
channel, and (2) on-demand (pull-based), in which users send requests to get data.
*
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The broadcast mechanism allows users to retrieve data with a lower power requirement (due to no user
transmission being required) and with a cost that is independent of the number of users. However, the data
broadcast has the drawback that data can only be accessed sequentially, and hence users must wait for desired
data items to appear in the broadcast channel. Building an index of the broadcast data helps users to decide
when and where their desired data items will be available, which allows the mobile device to be turned into a
power-saving mode whilst waiting for desired data items. One crucial aspect of index broadcast is how to mix
the index with data items on the broadcast channel so as to achieve the largest savings in time and energy for
users.
A common metric to estimate the cost of data access for a particular index and data allocation scheme was
introduced in [13]. The access time (the time elapsed from the moment a user sends a request to the moment the
result is downloaded by the user) and tuning time (the time spent by the user downloading packets from the
broadcast channel) are used to estimate the response time and power consumption for a data request, respectively. Here we assume that a single data item is retrieved in a data request. Using a tree-like index for the data
items to be broadcast, the tuning time for a data request is directly proportional to the level of the desired data
item in the index tree. Minimizing the average tuning time for a data request is expected to require a skewed
index tree that has more popular data items located at higher levels (where the root is located at the highest level).
The construction of a skewed index tree is not analogous to constructing a Huﬀman tree by simply summing up access frequencies of data items. The index tree so constructed would lose the important sorted property, preventing it from functioning as a search tree. The methods proposed in [6] exhibit this problem. The
type of Huﬀman tree termed an alphabetic Huﬀman tree proposed in [12] can normally function as a binary
search tree, and the extension to an n-ary search tree was provided in [25].
A diﬀerent allocation of nodes of the index tree into the broadcast channel would result in a diﬀerent average
access time for data requests. However, the average tuning time is unaﬀected by the broadcast allocation. The
order and replication of nodes are the main considerations when generating diﬀerent broadcast allocations. The
replication can provide a fault-tolerant capability and can even speed up data searching, but a possible side
eﬀect is an increase in the average access time due to tremendous redundant data being broadcast [14]. The average access time can be shortened considerably by increasing the number of broadcast channels: ideally, the
access time increases k-fold by using k broadcast channels. Moreover, multichannel environments are quite
popular in modern wireless networks for deceasing channel interference in overlapping coverage areas.
In this paper, we consider the problem of index and data allocation for any number of broadcast channels
with the goal of minimizing the average access time. We follow the method proposed in [25] to construct an nary alphabetic Huﬀman tree over the data items to be broadcast, which helps achieve a lower average tuning
time. We then develop our allocation method in two phases. In the ﬁrst phase, we assume that there is no
index/data replication in the allocation. We transform our problem under a single broadcast channel into
the directed optimal linear ordering (DOLO) problem [2], which has a polynomial-time solution. We then
use a heuristic approach to extend the result to the case with multiple broadcast channels. In the second phase,
we improve our allocation method by using index replication.
The remainder of this paper is organized as follows. Section 2 brieﬂy surveys related work, and Section 3
describes the broadcast structure and formally deﬁnes the problem under consideration. Sections 4 and 5 present the broadcast allocations without and with replication, respectively. Section 6 presents the results of a performance evaluation to demonstrate the superiority of our proposed scheme. Finally, we present conclusions
and describe future work in Section 7.
2. Related work
Data broadcasting has become an attractive solution for data dissemination in wireless and mobile environments, which have been realized via diﬀerent broadcast media such as TV signals, cables, and satellites. Since a
broadcast channel may have a low bandwidth, we have to properly determine the broadcast data so as to maximize the broadcast eﬃciency. Ideally, only the most frequently accessed data items would be broadcast, but it
is usually diﬃcult to acquire the access frequencies of data items being broadcast since the users usually
retrieve data items passively. A commonly used technique to determine the access frequencies of data items
is to randomly drop them from the broadcast channel, which will force the users to explicitly send data
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requests for them. The broadcast server can then estimate the access frequencies by the number of associated
data requests [7,24,28].
The eﬃciency of a broadcast system is usually quantiﬁed by the amount of time and energy consumed in
accessing broadcast data. When time is the major concern, a pure schedule of data items without any index
information is normally performed on the broadcast channel. This is called the pure data scheduling problem.
Periodic schedules were studied in [1,15,27], where the same data item has equal spacing on the broadcast
channel, and data items with higher access frequencies are broadcast more frequently. This problem in a multichannel environment was considered in [10,21,30].
The retrieval of several data items in any order in the same data request complicates the pure data scheduling problem [5,18]. The solution relies on clustering those data items on the broadcast channel that appear in
the same data request more frequently. The scheduling problem becomes more challenging when data items on
the broadcast channel are accessed in a particular order. We can model the order relationships into an access
graph where nodes and edges represent objects to be broadcast and their order, respectively. Moreover, we can
associate each edge with a weight that indicates the access frequency of following that particular access order.
The access graph can model anchor relationships of web pages, reference integrity constraints, or is-a relationships in the database; the broadcast objects can be web pages, relations, or classes in the database.
The allocation of objects modeled in an access graph to the broadcast channel was discussed in
[3,9,16,19,23]. The use of relations or classes as broadcast objects was presented in [23], where the optimal allocation is found by a branch-and-bound searching algorithm. The use of an acyclic access graph under the single-channel and multichannel environments was discussed in [3] and [9], respectively, using a set of heuristic
rules. The use of a general access graph under a single-channel environment was discussed in [19]. This type of
problem can be generalized to the allocation of n dependent objects on m broadcast channels, and can be
mapped to the task scheduling problem within a multiprocessor environment, which has been proven to be
NP-hard [8].
Providing indexes on broadcast channels is mostly performed when the energy consumption of the mobile
devices is the major concern in broadcast data access. This is called the index and data scheduling problem. The
indexing techniques of tree-based indexing, hashing, and signatures were applied to this problem with a single
broadcast channel in [11,13], and [14], respectively. The impact of inheritance and aggregation relationships on
the index placement for an object-oriented database was studied in [4]. The issue of fault tolerance in the presence of channel errors was discussed in [17,26].
The index and data scheduling problem in a multichannel environment was discussed in [16,20,22,25,29]
based on the adoption of a tree-based index. The broadcast channels were separated into index channels
and data channels in [20,25], where the number of index channels was at least one in [20] and equal to the
depth of the index tree in [25]. However, these methods lack ﬂexibility when using broadcast channels. The
data and index were scheduled separately in [22,29]. The data were mostly scheduled using techniques similar
to those for the pure data scheduling problem, with the index information inserted into broadcast channels. In
[22], only the local index to an individual broadcast channel was provided so that the users had to sequentially
tune into broadcast channels to locate their desired data items. In [29], the index and data were uniformly
stripped such that all broadcast channels would alternate between a data period (during which only the data
are transmitted) and an index period. This method would nullify the beneﬁt of having more channels due to
certain transmission periods ending simultaneously.
Our proposed method adapts well to any number of broadcast channels. Most importantly, we schedule the
index and data at the same time so as to maximize channel utilization and minimize the time requirement for
data access. In our previous work [16], we developed a pruning algorithm that still had high time complexity
and, moreover, had no index/data replication in the allocation.
3. Preliminary
3.1. Broadcast server
Fig. 1 shows the general architecture of a broadcast server. The database stores all the data items that
mobile users are interested in. If we assume that these data items are identiﬁed by their key values (e.g., using
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Fig. 1. Structure of a broadcast server.

numerical identiﬁcation), the access proﬁles can provide statistical data about the access frequency of each
data item in the database. The maintenance of access proﬁles is beyond the scope of this paper, and the reader
is referred to [28]. The broadcast scheduler periodically looks up the access proﬁles and selects those data items
that have been accessed frequently during the recent past (e.g., days, weeks, or months). The broadcast scheduler then constructs an index tree based on the key values of these selected data items. The next job is to generate a broadcast program, which can be viewed as a process to place the nodes in the index tree into several
data streams. Each data stream will be cyclically pushed into each dedicated broadcast channel by the broadcast pusher. One complete transmission of a broadcast program is also called a broadcast cycle.
Here we assume that there are k physical broadcast channels with equal bandwidths for the wireless broadcast services. These broadcast channels can be uniformly divided in the frequency domain from the available
bandwidth of the particular certain wireless system (e.g., a satellite or cellular mobile system). Any mobile user
can monitor the index information on a broadcast channel in order to search for a desired data item.
3.2. Broadcast program
The scheduling to generate a broadcast program is our major concern. Suppose that a set of data items that
are of diﬀerent sizes are to be broadcast. We construct a skewed index tree for these data items whilst taking
their access frequencies into account. This type of index tree can be built using the alphabetic Huﬀman tree, as
mentioned in Section 1. For example, suppose that we have ﬁve data items denoted by keys A–E. We construct
a binary alphabetic Huﬀman tree as shown in Fig. 2, in which the leaf node is the data node containing one
data item with its access frequency labeled below. The nonleaf node is the index node. Our goal is to allocate
these index and data nodes into broadcast channels such that mobile users can most eﬃciently access their
desired data items.
The index and data nodes are transported using buckets that form the basic transmission units on broadcast channels. Each bucket has the same size (in bytes). We assume that a bucket can carry at most one index
node of the maximal size among all index nodes in the index tree. That is, each index node is transported using
one bucket, with tail padding where necessary to ensure that all buckets are of uniform size. A data node that
cannot be transported using a single bucket is fragmented into several buckets.
The internal structure of a bucket is shown in Fig. 3. The ﬁrst ﬁeld is the preamble for channel synchronization. The second ﬁeld records the sequence number of a bucket and is used to distinguish the buckets within

Fig. 2. An example index tree.
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Fig. 3. Internal structure of a bucket.

Fig. 4. Broadcast program.

a single broadcast cycle on a given broadcast channel. The third ﬁeld indicates the type of node (either index or
data) that the bucket holds. The fourth ﬁeld indicates whether the current bucket holds the last fragment of a
certain data node (a value of 0 indicates the last fragment). The ﬁfth ﬁeld can hold one index node or one
fragment of a larger data node. The sixth ﬁeld is a pointer that indicates the next nearest bucket that contains
the root node of the index tree (named index root). The last ﬁeld is the forward error correction (FEC) code for
recovering possible bit errors in the bucket.
In our example, we assume that every data node can be fragmented into two buckets, and use B(C, S) to
denote the bucket with sequence number S on broadcast channel C. Fig. 4 shows a broadcast program to the
index tree of Fig. 2 on two broadcast channels that each contain eight buckets within a broadcast cycle.
Broadcast channel 1 contains index nodes 1, 2, and 4, and data nodes A and C; and broadcast channel 2 contains index node 3, and data nodes E, B, and D. Note that two of the buckets carry null data (called null buckets) on the broadcast channels: B(1, 8) and B(2, 1). The purpose of null buckets is explained in Section 4.2.
In the original index tree, each index node has index pointers pointing to its child nodes; these index pointers must be maintained in our broadcast program. Let us assume that an index node is located at B(Ci, Si), and
that one of its index pointers is pointing to a child node located at B(Cj, Sj). We use the pair hCj, Sj–Si–1i to
represent this index pointer, which denotes that the child node can be accessed by waiting for Sj–Si–1 buckets
after switching to broadcast channel Cj. For example, index node 1 at B(1, 1) has two child nodes (index nodes
2 and 3) that are located at B(1, 2) and B(2, 2), respectively. The corresponding index pointers are represented
by the pairs h1, 0i and h2, 0i. We depict index pointers in Fig. 4 using directed lines. An index pointer pointing
to a data node will be guided to the ﬁrst fragment of the data node on the broadcast channel.
The ﬁeld with a dot symbol inside a bucket indicates the location of the nearest index root. In our example,
for a bucket with sequence number S, this ﬁeld stores the pair h1, 8–Si, which denotes that the index root can
be accessed by waiting for 8–S buckets after switching to broadcast channel 1.
3.3. Broadcast data access
We now explain the steps involved in locating a desired data item in a data request. We suppose that a
mobile device is equipped with a single receiver, so those buckets with the same sequence number on diﬀerent
broadcast channels cannot be accessed simultaneously by the same user.
If a user wants to retrieve a data item with key K, the broadcast data access proceeds as follows:
(1) Tune to one of the broadcast channels and download one bucket. Check if the downloaded bucket contains the index root: if it does, proceed to the next step; otherwise, follow the nearest-index information
in the bucket to retrieve the index root.
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(2) Compare key K with the key values of the current bucket and follow a sequence of index pointers to
retrieve the desired data item.
During the broadcast access, we assume that the user knows which frequency band to switch to in order to
access a given channel number. The time required to perform channel switching might mean that the user is
not be able to locate the next relevant bucket in time, particularly for an immediate-neighbor bucket in
another channel. This problem can be avoided by ensuring that the preamble in the bucket is of suﬃcient
length.
3.4. Problem deﬁnition
The access time for a data request on broadcast channels can be divided into two parts: probe wait and data
wait. The probe wait is the time taken to reach a bucket containing the index root after the ﬁrst probe, whereas
the data wait is the time from just after the probe wait to the moment that the desired data item is downloaded. An example scenario explaining this is shown in Fig. 5.
We assume that the access time is measured in units of buckets. We denote the average access time for any
data request to a particular broadcast program by AT. Let the average probe wait and average data wait be
denoted by PW and DW, respectively; hence
AT ¼ PW þ DW .

ð1Þ

PW is the same for any data request, and DW can be further represented by
!,
X
X
DW ¼
wDi  gI 1 !Di
wDi ;
Di 2D

ð2Þ

Di 2D

where gI 1 !Di denotes the distance in buckets between the bucket containing index node I1 (i.e., an index root)
and the bucket containing the last fragment of data node Di within the same broadcast cycle. For example,
g1!B is 6 (the subtraction of the sequence numbers of these two buckets, plus 1) in Fig. 4.
Our example problem is formally deﬁned as follows:
Index and data allocation problem (abbreviated as IDA): We are given k (k P 1) broadcast channels and an
index tree that is a type of alphabetic Huﬀman tree, and includes index and data nodes. Let the broadcast
channels be C = {C1, C2, C3, . . . , Ck}, the set of index nodes be I = {I1, I2, I3, . . . , Im}, and the set of data nodes
be D = {D1, D2, D3, . . . , Dn}. Each data node Di containing one data item is associated with a weight wDi that
represents its average access frequency. The IDA (or k-IDA with k broadcast channels) is to allocate the nodes
in I [ D on broadcast channels in C such that the average access time is minimized.
In Sections 4 and 5 we discuss two categories of IDAs based on the enforcement of replication: (1) IDA
without replication, where we enforce that a complete index or data node can only appear once within a broad-

Fig. 5. Time spent on accessing a desired data item.
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cast cycle (the broadcast program shown in Fig. 4 belongs to this category); and (2) IDA with replication,
where a complete index or data node can appear more than once within a broadcast cycle.
4. IDA without replication
Our solution to the IDA without replication can be divided into two parts: (1) derive an optimal allocation
for single-channel cases and (2) then derive a heuristic allocation for multichannel cases.
4.1. Optimal solution to single-channel cases
In a 1-IDA without replication, the leading bucket of each broadcast cycle contains the index root. Also,
the length of a broadcast cycle is directly related to the total number of nodes in the index tree. Hence, PW is
equal to half the length of a broadcast cycle and is independent of the method of allocation. Consequently, the
minimization of AT becomes the minimization of DW.
We tackle this problem by introducing another problem, the DOLO problem [2], as deﬁned below.
DOLO problem: We are given a directed graph G(V, E), where V is the set of vertices and E is the set of
edges. Each edge (u, v) 2 E is associated with weight cv (cv > 0). The DOLO problem involves ﬁnding an optimal linear order of these vertices in V, such that vertices u and
P v located at positions f(u) and f(v) obey the
constraint f(u) < f(v) whenever (u, v) 2 E, and such that
ðu;vÞ2E cv  hu!v is minimum (where hu!v =
f(v)  f(u)). This problem is NP-complete, but is solvable in polynomial time if G is a tree.
For example, one possible linear order of the graph of Fig. 6a is shown in Fig. 6b with the following cost:
2(2  1) + 5(3  1) + 3(4  1) + 4(4  3) = 25. In the following, we show that a given index tree in the 1-IDA
can be exactly transformed to a graph in the DOLO problem. The transformation is performed using the following steps:
1. Let the edges in the index tree be directed from the parent to the child.
2. Associate each index node from the bottom upwards with a weight equal to the sum of all weights of its
children.
3. Let each edge in the index tree have a weight equal to that of the node pointed to by the edge.
One example of this transformation is shown in Fig. 7. Accordingly, we can rewrite DW as follows:
,
,
X
X
X
DW ¼
wDi  gI 1 !Di
wDi ¼ ½wA  g1!A þ wB  g1!B þ wC  g1!C þ wD  g1!D þ wE  g1!E 
wD i
Di 2D

Di 2D

Di 2D

¼ ½wA  ðg1!2 þ g2!A Þ þ wB  ðg1!2 þ g2!B Þ þ wC  ðg1!3 þ g3!4 þ g4!C Þ
,
X
wDi
þ wD  ðg1!3 þ g3!4 þ g4!D Þ þ wE  ðg1!3 þ g3!E Þ
Di 2D

¼ ½ðwA þ wB Þ  g1!2 þ wA  g2!A þ wB  g2!B þ ðwC þ wD þ wE Þ  g1!3
,
X
þ ðwC þ wD Þ  g3!4 þ wC  g4!C þ wD  g4!D þ wE  g3!E 
wDi
Di 2D

¼ ½w2  g1!2 þ wA  g2!A þ wB  g2!B þ w3  g1!3 þ w4  g3!4
,
X
þ wC  g4!C þ wD  g4!D þ wE  g3!E 
wDi
¼

X
ðu;vÞ2E

,
wv  gu!v

Di 2D

X

wDi

Di 2D

P
We can make the following observations: The quantity Di 2D wDi is a constant for a given index tree. The notation gu!v is equivalent to the notation hu!v if all index and data nodes are of size 1. Under this assumption, we
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Fig. 6. An example of linear order.

Fig. 7. Transformation of an index tree.

Fig. 8. Steps in solving a 1-IDA.
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P
P
get ðu;vÞ2E wv  gu!v ¼ ðu;vÞ2E cv  hu!v by setting cv = wv. As a result, the optimal linear order of vertices
of the graph is just the same as the optimal index and data allocation of nodes of the corresponding index
tree.
Fortunately, our constructed index has a tree-based structure, so we can use the polynomial-time algorithm
proposed in [2] to solve our problem. More importantly, this algorithm can naturally deal with cases where the
nodes are of diﬀerent sizes. In Fig. 8, we use an example to describe how to apply this algorithm to our problem.
First, we transform the index tree into a directed and weighted graph by following the steps mentioned
above. Whether weight wv is associated with the edge leading to node v or with node v in the graph has the
same eﬀect. For convenience, we associate each node v with weight wv. An example graph is shown in
Fig. 8a after the transformation. As stated in [2], the nodes in the graph should be adjusted ﬁrst so that
the node weights decrease monotonically from top to bottom. This property holds since the weights in our
index tree are obtained by a cumulative summation from the bottom upwards.
Second, we calculate the diﬀerence ratio of each node in the graph, which is deﬁned for node v as
RðvÞ ¼ ðwv  wv Þ=lv , where wv is the sum of all weights of the children of node v in the graph and lv is the size
of node v. wv is zero if node v is a leaf node (e.g., R(2) = (w2  (wA + wB))/l2). The calculation of the diﬀerence
ratio of each node is shown in Fig. 8b. This algorithm is implemented by gradually merging the nodes from the
bottom upwards into a chain according to the descending order of their diﬀerence ratios. All the descendants
of a subroot with more than one child are ﬁrst merged into a chain. This process starts from the terminal subroot that has no other subroots in its descendants. In Fig. 8b, we have two terminal subroots of nodes 2 and 4.
Hence, we merge nodes A and B, and nodes C and D into two individual chains according to the descending
order of diﬀerence ratios in Fig. 8c.
After the merge, we have to conﬁrm that the diﬀerence ratios of nodes in the chain monotonically decrease
from top to bottom. For example, nodes 2 and A, and nodes 4 and C in Fig. 8c violate this rule. In this case,
two neighboring nodes in the chain that violate the descending rule would be condensed into a single node
(called a condensed node hereafter). If two nodes A and B (where B is a child of A) are condensed, we deﬁne
the condensed order to be AB. If a condensed node P contains
the condensed
2, . . . , pk (which follow
Pnodes p1, pP
P
order), the diﬀerence ratio of P is deﬁned as RðP Þ ¼ ðwp1  i¼1k wpi Þ= i¼1k lpi , where i¼1k wpi is the sum
of all weights of nodes in the set [i=1kChild(pi)  [i=1kpi (i.e., the set of nodes that are in the union of
children of pi but not in the union of pi). For example, if P containing nodes 2 and A (p1 = 2, p2 = A) is a
condensed node, we have [i=12Child(pi)  [i=12pi = {A, B}  {2, A} = {B}. Note that the parent–child relationship mentioned here is referred to as the initial graph (i.e., Fig. 8a). Hence, R(2A) = (w2  wB)/(l2 + lA).
Consequently, we condense nodes 2 and A, and nodes 4 and C into two condensed nodes, and recalculate
their diﬀerence ratios in Fig. 8d. The condensing process is performed repeatedly within a chain so as to maintain the descending rule. Next, we merge the descendants of terminal subroot 3 into a chain in Fig. 8e. Again,
nodes 3 and E violate the descending rule and are condensed in Fig. 8f. Finally, we obtain a single chain in
Fig. 8g. The optimal index and data allocation is now simply the order of nodes in the chain from the head
to the tail: 12A3EB4CD.
To eﬃciently maintain the chains during the process, we need a data structure that supports the following
operations: insert a node, delete a node with the largest weight, and combine two chains into one. The max
heap (the top node is always the one with the largest weight) is one such data structure that supports these
operations in logarithmic time. The complete algorithm is listed as Algorithm 1.
Algorithm 1 (The optimal solution to the 1-IDA without replication).
(1) Let the parent have a weight equal to the sum of all weights of its children.
(2) Calculate the diﬀerence ratio of each node from the bottom upwards. If the diﬀerence ratio of a parent is
strictly less than that of its only child, condense these two nodes into one.
(3) Start from a terminal subroot to form a max heap from all its descendants. Condense the terminal subroot and the top node of the max heap into one if the descending order of the diﬀerence ratio is violated.
Continually check the condensed node with the new top node of the max heap, and condense these two
nodes into one if necessary. Finally, insert the condensed node into the max heap. Do this to all terminal
subroots until the entire graph becomes a max heap.
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(4) Delete the node from the top of the max heap and repeat this step until all nodes are deleted. Sequentially traverse the internal nodes in these deleted nodes and output the optimal index and data allocation.
The complexity of this algorithm is dominated by heap operations and is equal to O(n log(n)), where n is the
total number of nodes in the index tree.
4.2. Heuristic solution to multichannel cases
In determining the optimal index and data allocation on multiple broadcast channels, we have to consider
both the time consumed in accessing broadcast data and the energy consumed in switching channels. Here we
propose a heuristic on the allocation by using the following rules:
Rule 1. A node with an earlier order in the 1-IDA solution has a higher allocation precedence into the broadcast channel.
Rule 2. A node with a larger weight has a higher allocation precedence into the same broadcast channel of its
parent than its sibling nodes.
Rule 3. A broadcast channel with the shortest length of already allocated nodes is used ﬁrst.
Rule 4. We pad suﬃcient null buckets before a node that is currently allocated, if needed, so that this node will
just follow its parent.
Rule 1 aims at time eﬃciency by considering that the optimal allocation of 1-IDA has a certain inﬂuence on
the allocation of k-IDA. Rule 2 reduces the average number of channel switches by putting those nodes along
the path from the index root to the data node with a larger weight in the index tree into the same broadcast
channel. Rule 3 increases time eﬃciency by balancing the load (number of allocated nodes) among broadcast
channels. If a node can be allocated so that it is directly adjacent to its parent on the same broadcast channel,
Rule 2 has a higher priority than Rule 3. Rule 4 is based on the principle that we cannot access a child node
until its parent node has been accessed.
In the following, we use the output of Fig. 8g as an example to generate a heuristic answer to 2-IDA without replication. Table 1 summarizes the node information to be allocated. The processing steps are shown in
Fig. 9. We maintain a stack structure to record the nodes that are free to be allocated. We ﬁrst push the index
root into the stack, and then we pop at most two nodes (corresponding to the available number of broadcast
channels) each time from the stack and allocate them into broadcast channels. In this case, we allocate node 1
to the ﬁrst broadcast channel. Next, all the children of the nodes just allocated will be pushed into the stack,
because these children become free for allocation. Here we push nodes 2 and 3 into the stack in the order
determined by Rule 1 (i.e., the node with earlier optimal order would be pushed later). Hence, we maintain
the order (2, 3) in the stack from the top downwards.
Again, we pop at most two nodes (nodes 2 and 3) from the stack. The order of allocation of these nodes
to the broadcast channels is determined by Rule 2. In this case (w3 > w2), the allocation order is (3, 2). Thus,
we allocate node 3 to be adjacent to its parent node 1. According to Rule 3, node 2 will be allocated at

Table 1
Example reference table
Node

Optimal order

Weight

1
2
3
4
A
B
C
D
E

1
2
5
7
3
4
8
9
6

70
30
40
22
20
10
15
7
18
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Fig. 9. Steps for generating the result of a 2-IDA.

B(2, 1) but will overlap its parent node 1. Therefore, we pad one null bucket at B(2, 1) and allocate node 2 at
B(2, 2).
Next, we push nodes 4, E, B, and A into the stack according to the order guided by Rule 1. Then nodes
A and B with allocation order (A, B) are allocated. We put node A into the same broadcast channel as its
parent node 2. We allocate the remaining nodes in a similar way. The complete algorithm is described as
follows:
Algorithm 2 (The heuristic to the k-IDA without replication).
(1) Use Algorithm 1 to obtain the optimal linear order of nodes of the index tree.
(2) Push the index root into the stack.
(3) While the stack is not empty:
(4) Pop at most k nodes from the stack. The allocation order of these nodes to broadcast channels is
determined by Rule 2. The channel selection for a being-allocated node is decided by Rule 3. In the
actual allocation, we will pad sufﬁcient null buckets if Rule 4 is triggered.
(5) Push all the children of the nodes allocated in step 4 into the stack according to the order guided by
Rule 1.
Step 1 costs O(n log(n)), as stated earlier. In the While loop, the operations are dominated by the sorting
with bound O(n log(n)), and the number of loops is about n/k. Therefore, the complexity of this algorithm
is O((n2/k)log(n)).
5. IDA with replication
To retrieve any broadcast data, the user ﬁrst has to access a bucket that contains the index root on the
broadcast channel. Our solution so far has only one such bucket within a broadcast cycle. To reduce the probe
wait after tuning into the broadcast channel, we can replicate the index root on the broadcast channel. Indeed,
the replication can increase node availability so as to reduce access time.
The replication comprises data replication and index replication. Data replication has been widely discussed with reference to the pure data scheduling problem, and can be performed after index replication.
We do not discuss data replication in this paper. Index replication diﬀers from data replication, since index
nodes have order relationships. In the following, we present an enhanced solution to the IDA problem by
using index replication.
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Fig. 10. Tree split.

5.1. Index replication
We model index replication as a process to split an index tree. An index tree can be split into several pieces,
each of which contains some data nodes and relevant index nodes. We call each piece an induced tree. For
example, we can split the index tree of Fig. 10a into the three induced trees of Fig. 10b. Then we can allocate
each of these induced trees1 into broadcast channels using Algorithm 1 or 2. Fig. 10c shows an example where
index nodes 1 and 2 become replicated. Actually, we can determine the degree of replication by controlling the
number of induced trees that are generated.
We call the broadcast data allocated from an induced tree a broadcast segment (see Fig. 10c). A broadcast
cycle comprises broadcast segments that are each generated from each of the induced trees. In the following,
we introduce a tree-split algorithm that can generate a set of induced trees with the goal of minimizing the
average access time.
We ﬁrst introduce the following terminology:
ancestor(x) set of nodes that are ancestors of node x
descendant(x) set of nodes that are descendants of node x
LNr
set of nodes at the rth level
wx
weight of node x (the setting is the same as that in Algorithm 1)
lx
size of node x in buckets
P
jSj
sum of the sizes of nodes in set S (i.e., jSj ¼ x2S lx )
Lx
cumulative sizes of node x (i.e., Lx = lx + jdescendant(x)j)
SEGk average length in buckets of a broadcast segment under k broadcast channels
BCASTk length in buckets of a broadcast cycle under k broadcast channels
5.2. Level split
Our proposed tree split is performed by level splits from the top downwards in the index tree. In this
subsection, we introduce the basic level-split procedure at a certain level (say r) of an index tree. The procedure is outlined as follows: We ﬁrst collect the nodes at the rth level of the index tree and denote them
by LNr. An induced tree is then either generated by some data nodes (Case 1) or by one of the index nodes
(Case 2) in LNr:
Case 1: We group the data nodes with common parents in LNr. For a data group di, we can generate an
induced tree that contains the following nodes:
1

Note that the order of allocating these induced trees can be arbitrary, since they have become independent components.
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ancestorðxi Þ [ fxi g.

xi 2d i

The maximal number of induced trees generated from the data nodes in LNr is equal to the number of
data groups.
Case 2: We denote the children of an index node in LNr by set G. For a subset of G (denoted by H), we can
generate an induced tree that contains the following nodes:
[
ancestorðy i Þ [ fy i g [ descendantðy i Þ.
y i 2H

Basically, each disjoined subset of G can generate an induced tree. Suppose that an index node has m children
and we need to generate n induced trees from this node. This process can be viewed as the distribution of these
m children into n nondistinct groups so that no group is empty. For each group, we combine the nodes in the
group with their ancestors and descendants into an induced tree. The maximal number of induced trees generated by this index node is m (i.e., n = m).
For example, we can split the index tree of Fig. 10a by nodes in LN2 = {A, 2, D} into three induced trees.
Induced tree 1 is generated from the data group of nodes A and D, and induced trees 2 and 3 are generated
from index node 2.
We can derive the following lemmas from the level split:
Lemma 1. An index node x and all its ancestors will appear in all induced trees generated by this index node.
That is, the replicated nodes of these induced trees are in the set ancestor(x) [ {x}.
Lemma 2. Suppose that an index node x is located at the rth level of the index tree. If n induced trees are generated by this index node, the total size of nodes in these induced trees is n · jancestor(x) [ {x}j + jdescendant(x)j
regardless of the method of generation. If we denote the average size of an index node by ISIZE, this equation can
be rewritten as n · r · ISIZE + (Lx  lx).
Proof. Since every induced tree contains the replicated nodes in ancestor(x) [ {x} according to Lemma 1, the
ﬁrst added term (n · jancestor(x) [ {x}j) counts the total sizes of replicated nodes in these induced trees. The
second added term (jdescendant(x)j) counts the total sizes of nonreplicated nodes. h
Lemma 3. If we perform a level split from all index nodes in LNr and generate a total of Nr induced trees, the
total size of nodes in these induced trees is
X
N r  r  I SIZE þ
ðLx  lx Þ.
x2LN r and x is an index node

Proof. Suppose that each index node x generates nx induced trees (nx > 0 and N r ¼
Lemma 2, the total size of nodes can be approximated as
X
X
nx  r  I SIZE þ ðLx  lx Þ ¼ N r  r  I SIZE þ
x2LN r and x is an index node

P

x2LN r nx ).

ðLx  lx Þ.

According to


x2LN r and x is an index node

5.3. Tree split
The tree split is performed by each level split from the top downwards. We use the following pseudocode to
describe our proposed algorithm:
1. Put the index tree into TreeSet.
2. For r = 1 to the depth of the index tree.
3. Collect LNr from all the trees in TreeSet.
4. Generate induced trees from all the data nodes in LNr.
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Generate a maximum of Nr induced trees from the index nodes in LNr.
Replace all the trees in TreeSet by newly generated induced trees.
In this algorithm, we have to decide how to choose the Nr value and how to generate these Nr induced trees.

5.3.1. Number of induced trees
We compute Nr so as to minimize the average access time. The average access time is computed using (1).
We observe the following:
1. The beginning of each broadcast segment contains only the index root, so PW is equal to half the average
length of a broadcast segment.
2. If we use the average value of gI 1 !Di to approximate each individual value of gI 1 !Di in (2), DW will be equal
to the average value of gI 1 !Di , which is equal to half the length of a broadcast cycle.
Therefore, we have AT = PW + DW = SEGk/2 + BCASTk/2. We can approximate SEGk and BCASTk as
SEG1/k and BCAST1/k, respectively. Furthermore, SEG1 can be approximated as BCAST1/n if there are a
total of n broadcast segments within a broadcast cycle. If we generate Nr induced trees from the index nodes
in LNr and allocate them into k broadcast channels, we will have (from Lemma 3)
X
BCAST 1 ¼ N r  r  I SIZE þ
ðLx  lx Þ.
x2LN r and x is an index node

Therefore,
SEGk BCAST k BCAST 1 BCAST 1
þ
¼
.
þ
2
2
2k  N r
2k
P
r  I SIZE 2k  x2LN r and x is an index node ðLx  lx Þ

¼
.
2
2k
ð2k  N r Þ

AT ¼
dAT
dN r

The average access time is a minimum when ddAT
¼ 0, so we have
Nr
$X
%
ðLx  lx Þ
x2LN r and x is an index node
Nr ¼
.
r  I SIZE

ð3Þ

Given Nr, we have to determine the number of induced trees that will be generated from each index node in
LNr. Here we use a weighted function deﬁned as
f ðxÞ ¼ Lx1a  wax .

ð4Þ

We compute f(x) for each index node x in LNr and use the fraction of f(x) to distribute the Nr value to node x.
The basic idea is attempting to split a larger subtree in size or in weight into more induced trees. Procedure
Distribute_Num performs this operation.
Procedure Distribute_Num( )
Input: LNr, Nr
Output: nx (number of induced trees that will be generated by node x)
(1) For each index node x in LNr, compute f(x).
(2) Sort these P
x’s in LNr according to the descending order of f(x).
(3) Total F ¼ x2LN r and x is an index node f ðxÞ.
(4) For each index node x in LNr:
(5) cx = number of children of node x.
(6) nx = min(cx, bNr · f(x)/Total_Fc).
(7) Nr = Nr  nx.
(8) Total_F = Total_F  f(x).
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5.3.2. Generation of induced trees
Given the number of induced trees that an index node should generate, we have to determine the real
generation of these induced trees. As discussed in Section 5.2, this generation is equivalent to distributing
the children into groups. Again, we use the same weighted function in (4) to perform this distribution.
We ﬁrst compute f(x) for each of the children of an index node, and then we distribute these children into a
given number of groups such that the summation of the f(x) values is similar in each group. The basic idea is
attempting to merge several small subtrees into a large induced tree. This problem is similar to the bin packing
problem, and a possible heuristic is listed in procedure Gen_InducedTree.
Procedure Gen_InducedTree( )
Input: index node x, n
Output: n induced trees
(1) Compute f(xi) for each
P child node xi of node x.
(2) Compute avg f ¼ xi is a child of node x f ðxi Þ=n.
(3) Sort these child nodes in descending order of the f(xi) values.
(4) Let yi denote the ith sorted child.
(5) j = 1.
(6) For each yi:
(7) If the sum of f(yi) values of allocated child nodes in group j < avg_f,
(8)
put yi into group j.
(9) Else j = j + 1.
(10) For each group j:
(11) Generate an induced tree that contains the nodes in the group and their ancestors and descendants.
5.3.3. Proposed algorithm and running example
Algorithm 3 lists the entire process of tree split. The tree split stops when no new entry is created in TreeSet.
Algorithm 3 (The heuristic to the k-IDA with index replication).
(1) r = 1.
(2) Put the index tree into TreeSet.
(3) While r 6 the depth of the index tree:
(4) Collect LNr from all the trees in TreeSet.
(5) Generate induced trees from all the data nodes in LNr.
(6) Compute Nr according to (3).
(7) Call procedure Distribute_Num to determine the number of separate induced trees.
(8) Call procedure Gen_InducedTree to generate the given number of induced trees.
(9) Modify the trees in TreeSet by pruning the nodes, which have generated some induced trees in steps 5
and 8, and their descendants.
(10) Insert the new generated induced trees into TreeSet.
(11) If no new tree is generated in the current loop then end the loop, else r = r + 1.
(12) Input each tree in TreeSet to Algorithm 1 as k = 1 or Algorithm 2 as k > 1.
Let n denote the total number of nodes in the index tree. During the While loop (about log(n) iterations),
the node counting (for cumulative weights and sizes, etc.) dominates the cost in computing Nr and Distribute_Num. The counting of each node will visit at most n nodes, so the total counting cost is O(n log(n)).
The sorting dominates the cost of Gen_InducedTree, and the cumulative cost during the loop is O(n log(n)).
Including the analysis of Algorithms 1 and 2, the complexity of this algorithm is O(n log(n)) for k = 1 and is
O((n2/k)log(n)) for k > 1.
We now use a running example
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ to explain the tree split. Taking the index tree of Fig. 11a as the input, we
have LN1 = {1} and N 1 ¼ b 13=1c ¼ 3. Since an index node can generate at most as many induced trees as
the number of its children, we generate two induced trees 1–1 and 1–2 from index node 1 as shown in Fig. 11b.
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Fig. 11. A running example of tree split.

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Then we consider LN2 = {2, 3} and compute N 2 ¼ b 11=2c ¼ 2. Next, we distribute N2 using procedure Distribute_Num, and get n2 = 0 and n3 = 2. Hence, induced tree 1–1 remains unchanged and we further split
induced tree 1–2 into two induced p
trees
ﬃﬃﬃﬃﬃﬃﬃﬃ 1–2–1 and 1–2–2 from index node 3. Next, we consider
LN3 = {A, B, 4, E} and compute N 3 ¼ b 4=3c ¼ 1. The data nodes in LN3 have been located in their corresponding induced trees. Therefore, we obtain the ﬁnal three induced trees 1–1, 1–2–1, and 1–2–2.
6. Performance evaluation
We used simulations to quantify the performances of Algorithms 1–3. We ﬁrst generate a set of data nodes
whose access frequencies follow the Zipf(l, h) distribution [31], where l is the mean and h increases with the
skewness of the data. The size of a data node in terms of buckets is randomly selected from the range 10–20.
We construct an index tree with a given fanout (the number of index pointers of an index node) over these data
nodes using the same construction method as for the Huﬀman tree. All index nodes are of the same size for
one bucket.
We evaluate the time and energy eﬃciency by measuring the average access time and average number of
channel switches in locating a data node on broadcast channels. Actually, the tuning time is a metric to measure the energy consumption on broadcast data access. In multichannel environments, the tuning time includes
the cost of downloading all relevant packets and the cost of switching channels. The number of downloaded
packets for locating a data node is fully dependent on the index structure. If we use the same index tree, this
download cost is independent of the method used for broadcast data allocation. Hence we measure the number of channel switches as an index of energy consumption for a particular broadcast scheme. More channel
switches will consume more energy. The parameter settings in our simulation are listed in Table 2. We ignore
any channel error in our simulation.
Table 2
Parameter settings
Parameter

Value

Number of channels
Number of data nodes
Index fanout
Size of a data node
Size of an index node
Data access frequency
a in f(x)

1–5 (default, 2)
1000–1800 (default, 1200)
4–12 (default, 8)
10–20 buckets
1 bucket
Zipf(100, h), h = 0.1–0.9 (default, 0.7)
0.0–1.0 (default, 0.2)
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We ﬁrst evaluate the k-IDA algorithm without replication and compare our approach with the two proposed in [9] and [22], which we refer to as Data_Bin and Access_Graph, respectively. In Data_Bin, data nodes
are allocated to broadcast channels ﬁrst using the bin packing technique. Every local index is then inserted in
local data nodes in every broadcast channel. In Access_Graph, the constructed index tree would be viewed as
an access graph. Then a weighted function based on the connectivity of the graph is used to evaluate the precedence of a node to be allocated.
We performed the simulation by changing the available number of broadcast channels, which produced the
results shown in Figs. 12 and 13. Data_Bin sequentially scans the broadcast channels, and has the longest
access time and the smallest number of channel switches. The diﬀerence between Data_Bin and the other
two approaches becomes more signiﬁcant as the number of channels increases. Both Access_Graph and kIDA, which might switch to another channel after visiting an index node, use more channel switches than
Data_Bin. Access_Graph uses more channel switches and has a slightly higher access time (further explored
below) than k-IDA. Indeed, if the number of broadcast channels is larger than the largest number of siblings
among all levels of the index tree, both Access_Graph and k-IDA can obtain the optimal allocation in terms of
access time. The optimal allocation is to assign each of the nodes at the same level into each bucket with the
same sequence number of each broadcast channel. This is why the performance of these two approaches
becomes more similar with an increasing number of broadcast channels.
We further compare Access_Graph and k-IDA by changing other parameters. Due to space limitations, we
show the major results in Figs. 14–17. We found that k-IDA outperforms Access_Graph in all cases, with the
superiority being almost independent of parameter settings. This reveals that the allocation order in the single
broadcast channel still has a signiﬁcant impact on that in an environment with multiple broadcast channels.
The improvement over Access_Graph will become large when we use index replication, since there is no replication scheme provided in Access_Graph.
We next evaluate the performance when using index replication. Since we use the same allocation method
regardless of the method of replication, it is suﬃcient to evaluate the eﬀect of replication only in a single
broadcast channel. Figs. 18 and 19 show comparisons of k-IDA approaches with and without replication,

Fig. 12. Access time vs. number of channels.

Fig. 13. Number of channel switches vs. number of channels.
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Fig. 14. Access time vs. index fanout.

Fig. 15. Access time vs. number of data nodes.

Fig. 16. Access time vs. data skewness.

Fig. 17. Number of channel switches vs. index fanout.
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Fig. 18. Replication vs. data skewness.

Fig. 19. Replication vs. index fanout.

Table 3
Optimal a value
(fanout, optimal a)

(data nodes, optimal a)

(h, optimal a)

(4, 0.2)
(5, 0.2)
(6, 0.4)
(7, 0.3)
(8, 0)
(9, 0.3)
(10, 0.3)
(11, 0.1)
(12, 0.1)

(1000, 0.2)
(1100, 0.2)
(1200, 0)
(1300, 0.4)
(1400, 0.4)
(1500, 0.2)
(1600, 0.4)
(1700, 0.5)
(1800, 0.3)

(0.1, 0.3)
(0.2, 0.3)
(0.3, 0)
(0.4, 0)
(0.5, 0)
(0.6, 0)
(0.7, 0)
(0.8, 0)
(0.9, 0)

which indicate that index replication can reduce the access time by 28%. The worse performance of the nonreplication approach is due to a long probe wait. As can be seen in the ﬁgures, our proposed approach when
using index replication will largely outperform Access_Graph.
The a value in weighted function f(x) can be used to adjust the performance of tree split. In practice, we can
use a simple iterative evaluation to ﬁnd the optimal value of a. We summarize the optimal settings in Table 3
for various values of index fanout, number of data nodes, and data skewness. Only the data skewness is clearly
related to a: a tends to zero with increasing skewness. This means that the value of wx in f(x) becomes less
important in a skewed index tree.
7. Conclusion
Data broadcast is a powerful tool for data dissemination in mobile and wireless environments. In this
paper, we provide an eﬃcient method for generating a broadcast program that minimizes the average access
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time for the user. Our solution adapts well to any number of broadcast channels. We ﬁrst consider the
problem by restricting it to the case where there is no replication, and derive the optimal solution for
the single-channel case. To deal with multiple broadcast channels, we provide a heuristic using a set of rules
on the allocation. To further reduce the average access time on retrieving index information, an index replication scheme is developed. We propose a tree-split algorithm to split an index tree into several small
induced trees. Each of these induced trees can be separately allocated to broadcast channels in the same
way as for no replication. The performance evaluation shows that index replication can signiﬁcantly reduce
the average access time.
Our major contributions are a mapping solution to the index and data allocation problem, deriving a
multichannel allocation method that can reduce the number of channel switches, and the provision of an
index replication scheme. There are several issues that could be assessed in future work. The ﬁrst is dynamically changing the access frequencies of data items. If such changes are frequent, an eﬃcient on-line algorithm to immediately reﬂect the current user’s access patterns is needed. The second is considering the
allocation over multiple broadcast channels with diﬀerent bandwidths and channel error rates. Finally,
the impact on the allocation of multiple receivers in the mobile device would also be an interesting topic
to investigate.
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