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The rapid advancement of mobile devices and wireless network technology has 

accelerated the development of applications in the mobile computing field. In particular, 

LBS (Location-Based Services) are one of the fastest growing areas in mobile applications. 

In a wireless data broadcasting environment, a server can effectively provide LBS to a large 

population of mobile clients. The two most typical types of LBS queries are window and 

kNN(k-Nearest Neighbors) queries. Previously proposed window and kNN query processing 

schemes in a single wireless broadcast channel environment tend to access much 

unnecessary index information and data objects due to their low filtering powers. In this 

paper, we propose a new spatial index called HMI (Hilbert curve-based MBR filtering Index) 

for the efficient processing of window and kNN queries in a single wireless broadcast 

channel. HMI is a tree-structured index whose construction is based on the Hilbert curve and 

MBR (Minimum Bounding Rectangle). By combining an MBR structure with the Hilbert 

curve order, HMI obtains the advantages of both structures. We present an in-depth 

experimental analysis of our method by comparing it with current existing schemes. Our 

performance analysis shows that HMI significantly decreases the average access and tuning 

times of kNN queries over current existing schemes. HMI also gives better average tuning 

times and comparable average access times of window queries over current existing 

schemes. 

 

Keywords: mobile databases, kNN query, window query, wireless broadcast channel, Hilbert 

curve, location based services. 

 

1. INTRODUCTION 
 

The use of laptops, portable computers, and PDAs over mobile communication 

networks is increasing, and mobile applications such as monitoring stock market prices, 

traffic reports, and weather forecasts are widely available in wireless environments. In 

such an environment, a large number of mobile clients may be querying databases over 

unreliable, slow, and expensive wireless communication links. Data broadcasting is an 

efficient method of data dissemination that can overcome the limitations of a wireless 

environment, such as its low communication bandwidth and the energy constraints of 

mobile devices. A data server can broadcast data periodically, and mobile clients can 

listen on one or more wireless channels to access the data that they require. 

Past works on finding optimal allocation numbers for broadcast data are based 

mostly on single-channel environments [1, 2, 3, 4]. However, the optimal allocation 

numbers on a single channel may not remain optimal when the number of channels is 

increased and data items are split over multiple channels. Several algorithms have been 
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proposed for the data allocation problem over multiple channels [5, 6, 7, 8]. 

By using data broadcasting, a server can also provide LBS (Location-Based 

Services) to a large number of mobile clients [9, 12, 14, 30]. The primary queries for 

LBS are window and k nearest neighbor (kNN) queries [9, 10, 31]. Window queries find 

spatial objects that are located within a given window. For example, a mobile client can 

issue a window query such as “Find all Chinese restaurants within a given query 

window.” kNN queries find k closest objects at a given query point p in a 

multidimensional space. Using the kNN search, a mobile client can have a kNN query, 

such as “Find the 3 nearest gas stations.” 

A significant amount of research has been done on kNN query processing in a single 

wireless broadcast channel environment [14, 15, 16, 17, 18, 19, 20, 27, 28, 30, 31]. Their 

works are categorized by two different approaches. One approach is to use a spatial index 

based on a space-filling curve (i.e., a Hilbert curve) and the other approach is to use an 

R-tree. Previous works based on the Hilbert curve include HCI(Hilbert Curve Index)[14] 

and DSI(Distributed Spatial Index) methods[15, 16] where spatial data objects are 

broadcast in the ascending order of their HC values. The works based on R-tree involve 

w-hist[17] and w-disk
*
[20] methods where DFS(Depth First Search) is used to make the 

broadcast schedule of R
*
-tree[11]. They chose DFS over BFS(Breadth First Search) since 

BFS requires a large usage of memory with regard to mobile clients for a kNN search. 

A HCI method [14] constructs a B
+
 tree over spatial objects whose linear order is 

imposed by the Hilbert curve. It broadcasts the B
+
 tree linearly by using the (1, m) index 

organization algorithm proposed in [21]. The HCI method finds the spatial objects 

located within a given window box by first identifying the first and last points, a and b, 

lying on the boundary of the window box visited by the Hilbert curve. Then, it applies a 

filtering mechanism to detect all the candidate spatial objects that are lying between a 

and b on the Hilbert curve order [22]. Finally, HCI uses a refinement mechanism to 

determine the spatial objects belonging to the real answer set of the given window. 

However, the filtering mechanism for a window query tends to produce a large number 

of irrelevant candidate objects due to the nature of the Hilbert curve.  

For the process of kNN queries, the HCI method first finds k nearest objects to the 

query point q along the Hilbert curve. It then constructs a minimal circle centered at the 

query point q that contains all respective k objects. The MBR of that circle, having at 

least k objects serves as the search range. The HCI method issues a window query 

defined by the MBR to find all the candidate objects including those k objects already 

found. After identifying all the candidate objects, it finds the real kNN by comparing the 

pairwise distances of all the candidate objects and the query point q. The HCI method has 

two problems which cause the greater access latency and longer tuning time. The first 

problem is that the B
+
 tree has to be replicated in the broadcast program to enable 

twice-scanning of the B
+
 index tree. The second problem is that the HCI method uses a 

window query to find all the candidate objects. As a result, the total number of the 

candidate objects a HCI method needs to access is large.  

The DSI method [15, 16] builds an exponential index [24] over the spatial objects 

whose linear order is also imposed by the Hilbert curve. The exponential index consists 

of index tables where each index table contains some redundant index information. In a 

DSI method, a server broadcasts spatial data objects interleaved with the index tables. As 
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a result, mobile clients receive much redundant index information and download 

unnecessary candidate spatial objects before they determine their exact kNN. 

The w-disk
*
 method [20] uses the two variations of DFS (Depth First Traversal), 

called pDFS and wDFS, to generate a broadcast schedule of R
*
-tree over a single 

broadcast channel. The pDFS makes a broadcast schedule of R
*
-tree simply by DFS 

traversal order, which has been used in many papers [25, 26, 27, 28]. The wDFS first 

rearranges an R
*
-tree by the subtree sizes in a non-increasing order and then makes a 

broadcast schedule of the rearranged R-tree by DFS order. A w-disk
*
 method adds 

additional entries, called l-entries, into the broadcasted R
*
-tree nodes to efficiently prune 

the irrelevant nodes of kNN query computation. The w-disk
*
 method also adds 

next-entries into the broadcasted R
*
-tree nodes to allow the immediate start of kNN query 

processing in the middle of a broadcast, without the need to wait for the root of the tree 

to appear in the broadcast. As a result of the addition of these additional entries, a w-disk
*
 

method not only increases the length of a broadcast cycle but also requires mobile clients 

to receive the larger index information. Furthermore, a w-disk
*
 method may require 

mobile clients to download more than k spatial objects before the determination of kNN, 

which increases tuning time.  

In this paper, we propose a new spatial index called HMI (Hilbert-curve based MBR 

tree Index) which has the advantages of the Hilbert curve and R-tree. HMI is a tree 

structured index whose construction is based on the Hilbert curve and MBR (Minimum 

Bounding Rectangle). We use the Hilbert curve to make a linear broadcast order of 

spatial objects, while MBRs are used for grouping spatial objects to build HMI. In this 

process HMI internal and leaf nodes represent MBRs and spatial objects, respectively. 

By having MBR nodes in HMI, HMI can provide a high filtering power. Based on HMI, 

we are able to provide efficient window and kNN query processing algorithms. 

The rest of this paper is organized as follows. In Section 2, we first describe the 

structure of HMI and discuss how to broadcast HMI and data objects. The window and 

kNN query processing methods are presented in Section 3. Our scheme has been 

evaluated through experimental simulations, which are reported in Section 4. Finally, 

Section 5 provides concluding remarks. 

2. HILBERT-CURVE BASED MBR TREE INDEX 

In this section, we explain the structure of HMI(Hilbert-curve based MBR tree Index) 

and discuss how make a broadcast schedule of HMI over a single wireless broadcast 

channel. 
 
2.1 HMI structure 

To construct HMI, we first need to determine the smallest order i of the Hilbert curve 

which can uniquely map the coordinates of all the point objects in a given 2-dimensional 

space to the corresponding Hilbert-curve values in 1-dimensional space. The detailed 

construction algorithm of Hilbert-curve is given in [22]. The following Figure 2.1(a) 

shows an example of the search space having 30 point objects mapped by the order 3 

Hilbert-curve.  The numeric labels represent the positions of the objects in terms of 

Hilbert-curve values.  For example, the point (2, 1) has the Hilbert-curve value of 7. 
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The distribution of point objects in the search space determines the order of the 

Hilbert-curve. Thus, Hilbert-curve of higher order is needed for the distribution of denser 

point objects since the Hilbert-curve must uniquely pass through all the point objects [14]. 

There is a one-to-one correspondence between the coordinate and Hilbert-curve value of 

a point object.  Note that a mobile can easily perform a conversion between coordinates 

and Hilbert-curve values by using the mapping function of the Hilbert curve given in 

[29].  

After determining the smallest order i of the Hilbert curve, we then recursively 

decompose the search space of the Hilbert curve order i into quadrants until the Hilbert 

curve order within each quadrant becomes 1. We name the quadrants containing the 

order j Hilbert curve as NW
j
 (North West), NE

j 
(North East), SW

j
 (South West), and SE

j
 

(South East).  For each quadrant having the order j Hilbert curve, we construct an 

MBR(Minimum Bounding Rectangle) in the quadrant if there exists at least two point 

objects within the quadrant. At the search space of Hilbert-curve order i, we construct 

only an MBR that includes all the point objects.  

Figure 2.1(b) shows MBR R0 which minimally covers all the 30 point objects in one 

quadrant having the order 3 Hilbert-curve. Figure 2.1(c) shows the four quadrants SW
2
, 

NW
2
, NE

2
, and SE

2
 where MBRs R1, R2, R3, and R4 are constructed respectively. Figure 

2.1(d) shows the sixteen quadrants having the order 1 Hilbert-curves where MBRs R5, R6, 

… , R16 are constructed respectively. Note that in Figure 2.1(d) we do not construct 

MBRs for those quadrants containing only a single point object whose order 3 

Hilbert-curve values are 12, 43, and 61 respectively. This is because we construct an 

MBR in a quadrant only when the MBR can contain at least two point objects within the 

quadrant. We name the three point objects having the order 3 Hilbert-curve values 12, 43, 

and 61 as the point nodes. 

Figure 2.1: The Search Space of the order 3 Hilbert-curve and its Recursive Decomposition  
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We now build HMI by hierarchically organizing MBRs and the point nodes in a tree 

structure. That is, if the quadrant Q
j
 where j > 1 is decomposed into the four quadrants 

SW
j-1

, NW
j-1

, NE
j-1

, and SE
j-1

, then all the MBRs and the point nodes of the four quadrants 

will be the children of the MBR of the quadrant Q
j
. We maintain a number of control 

information for the MBRs and the point nodes in HMI. They are described in the Table 

2.1 

TABLE 2.1: Control information in MBR and point nodes of HMI 

MBR node 

TYPE MBR 

MBR the coordinates of the lower left and the upper right corners of MBR 

ChildPointer the pointer to its child MBR or child point node having the smallest Hilbert-curve value 

NextPointer the pointer to either MBR or point node after the traversal of its current subtree 

point node 

TYPE POINT 

MBR the coordinate of point node 

ChildPointer Pointer to the data bucket of the point node 

NextPointer Pointer to the next node to be visited 

 

Figure 2.2 shows an example of HMI constructed from Figure 2.1. The root node of 

the HMI represents MBR R0 in Figure 2.1(b) which includes all the 30 point objects in 

the search space of Hilbert-curve order 3. We name the HMI in Figure 2.2 as the degree 

3 HMI, because all 30 point objects are able to be mapped to the unique Hilbert-curve 

values by the Hilbert-curve order 3. The MBR R0 node has four child MBR nodes R1, R2, 

R3, and R4 in Figure 2.1(c). The ChildPointer of MBR R0 points to the child node MBR 

R1 whose corresponding quadrant SW
2
 gives the smallest order 3 Hilbert-curve value 

among the four quadrants SW
2
, NW

2
, NE

2
, and SE

2
. The NextPointer of MBR R0 node 

points to itself. Next, the child MBR nodes R1, R2, R3, and R4 are linked to each other by 

using their NextPointer. That is, depending on the increasing order of the order 3 

Hilbert-curve value, the NextPointer of R1 points to R2, NextPointer of R2 points to R3, 

and NextPointer of R3 points to R4. Note that NextPointer of R4 and P61 point to R'0 which 

represents R0 of the HMI tree that will be broadcasted next. 

Figure 2.2: HMI(Hilbert-curve based MBR tree Index) 
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For MBR node R1, it has three child MBR nodes (i.e., R5, R6, R7) and one child point 

node P12. Note that we cannot construct an MBR for the point P12 in the quadrant NW
1
 of 

the quadrant SW
2
 because quadrant NW

1
 must include at least two point objects. The 

ChildPointer of MBR R1 points to the child node MBR R5 whose corresponding quadrant 

SW
1
 gives the smallest order 3 Hilbert-curve value among the four quadrants SW

1
, SE

1
, 

NE
1
, and NW

1
 which are the sub quadrants of SW

2
. Next, the child MBR nodes R5, R6, R7, 

and P12 are linked to each other by using their NextPointer. The NextPointer of P12 

copies the NextPointer (i.e., R2) of its parent R1. This construction rule is recursively 

applied to build HMI. Note that all the leaves of HMI are the point nodes whose 

DataPointers point to their corresponding data buckets. 

 

 
2.2 Broadcasting HMI and Data Objects 
 

In this section, we describe how to broadcast HMI and data objects. Since LBS 

queries access data objects located closely, we broadcast HMI and data objects based on 

the Hilbert-curve order which effectively captures the spatial locality of point objects in 

one dimensional space. In HMI, leaf and internal nodes represent point objects and 

MBRs respectively. The leaf nodes of HMI are ordered from left to right by the 

increasing order of their Hilbert-curve values. As a result, the leftmost leaf node has the 

smallest Hilbert-curve value while the rightmost leaf node has the largest Hilbert-curve 

value. 

We broadcast HMI by using DFS(Depth First Search) linearization to reflect the 

Hilbert-curve order of HMI nodes. For DFS of HMI, we use the ChildPointer and 

NextPointer shown in Table 2.1. When visiting an MBR node, we always follow 

ChildPointer over NextPointer to determine the next node to visit. If the currently 

visiting node is a Point node, then we choose the NextPointer to determine the next node 

to visit. The following figure 2.3 shows an example of the broadcast schedule 

constructed from the HMI in Figure 2.2. In Figure 2.3, we also show the values of 

NextPointer of all the MBR nodes and the values of NextPointer of some Point nodes. 

Note that the NextPointers of R4 and P61 are R'0 which represents R0 that will be 

broadcast in the next index segment.  

 

Figure 2.3: An Example of Broadcast Schedule of HMI in Figure 2.2 

 
Based on the DFS broadcast schedule of HMI, we use a well-known broadcast 

organization named (1, m) interleaving technique to broadcast HMI and data objects [21]. 

The entire HMI is broadcasted preceding every 1/m fraction of the broadcast cycle, 
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which is the period of time when a complete set of data objects is disseminated. Note that 

data objects contain the detailed information of point objects. We use the optimal 

                given in the (1, m) interleaving technique to minimize the average 

access latency, where Data and Index represent the sizes of whole data and HMI, 

respectively. The following Figure 2.4 shows an example of a broadcast cycle of HMI 

and data constructed by the (1,m) interleaving technique. Note that the data objects are 

broadcasted by the increasing order of their mapping Hilbert-curve values. 

 

Figure 2.4: An Example of a Broadcast Cycle by (1,m) Interleaving Technique 

3.  LBS QUERY PROCESSING METHODS 

In this section, we propose window and kNN query processing methods based on the 

HMI in a single wireless broadcast channel environment. We first describe a window 

query processing method and then describe a kNN query processing method. 

 

3.1 Window Query Processing Method 
 

A mobile client accesses a wireless broadcast channel where the index and data nodes 

are broadcasted as shown in Figure 2.4. The mobile client initially probes a broadcast 

channel to access a node and saves the node into current_node. The mobile client checks 

if current_node is either an index node or a data node. If it is a data node, the mobile 

client waits to access a root index node of HMI in the next index segment, where the root 

index node will be saved into current_node. If it is an index node, the mobile client saves 

it into init_node and immediately begins to traverse HMI to process a window query 

without waiting for the access of the root index node in the next index segment. 

When the type of current_node is MBR, the mobile client checks if current_node 

overlaps with a query window w. If current_node overlaps with the query window w, the 

mobile client has to check if the child nodes of current_node are also overlapping with 

the query window w. For this, the mobile client accesses the child node by following the 

ChildPointer of current_node. This child node then becomes a new current_node. If 

current_node does not overlap with the query window w, all the point objects inside 

current_node do not belong to the query window w. Thus, the mobile client does not 

need to explore all the descendant nodes (i.e., the search space confined by MBR) of 

current_node. The sibling node accessed by the NextPointer of current_node becomes a 

new current_node. 

When the type of current_node is POINT, the mobile client checks if the query 

window w contains the point object of current_node. If it does, the mobile client adds the 

point object to the result set of the window query. The node accessed by the NextPointer 

of current_node becomes a new current_node.  
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Algorithm 1  Window Query Processing Method 

//INPUT: 

//a query window w 

//OUTPUT 

//point objects within the query window 

          ;  

                    
Perform an initial probe; 
Let current_node be the node accessed by the initial probing; 

if (current_node is a data node) then 

Wait for the next index segment ; 
Access the root index node from the broadcast channel; 

current_node   the root index node; 

end if 

init_node   current_node;  

repeat 

if (                      ) then 

Access current_node from the broadcast channel; 

end if 

if (the type of current_node is MBR) then 

if (current_node overlaps with w) then 

                                            
else 

if (current_node includes init_node) then 

break; 

end if 

current_node   NextPointer of current_node; 

end if 

else {the type of current_node is POINT} 

if (w includes current_node) then 

                                   
end if 

                                             
end if 

until (                        ) 
return result; 

 

This process continues until current_node becomes either init_node again or the 

MBR node with a certain constraint. The particular constraint is that the MBR node must 

include init_node and should not overlap with the query window w. This constraint 

ensures that all the children nodes of the MBR node do not overlap with the query 

window w. The formal description of our proposed window query processing method is 

given in Algorithm 1. 

We illustrate Algorithm 1 by using an example given in Figure 3.1. Figure 3.1 (a) 

shows a window query (i.e., the dark gray rectangle) issued over the same search space 

given in Figure 2.1. A broadcast schedule of HMI given in Figure 2.2 is shown in Figure 

3.1 (b) where a mobile client initially probes a root index node R0 of HMI and 

current_node is set to R0. The mobile client then checks if the type of R0 is MBR or 

POINT. The type of R0 is MBR and therefore the mobile client checks if R0 overlaps with 

a query window w. Since they overlap with each other, the current_node becomes R1 

pointed by ChildPointer of R0. R1 also overlaps with the query window w and the 

current_node becomes the next broadcast node R5 which is pointed by ChildPointer of R1. 

Since R5 does not overlaps with the query window w, the mobile client does not need to 

explore all the descendant nodes of R5. As a result, the mobile client skips P2 and P3 by 



A SPATIAL INDEXING SCHEME FOR LBS QUERY 9 

going to doze mode(as indicated by dark frames) and only wakes up to access the next 

current_node R6 pointed by NextPointer of R5. R6 does not overlap with the query 

window w which makes the mobile client skip P5, P6, and P7. It goes to doze mode until 

it accesses the next current_node R7 pointed by NextPointer of R6. When the mobile 

client accesses R7, it finds out that R7 overlaps with the query window w. 
Then, the mobile client accesses the next current_node P9 pointed by the 

ChildPointer of R7. Since the type of P9 is POINT, the mobile client checks if the query 

window w contains P9. P9 is not added to the result set because the query window w does 

not contain P9. The mobile client accesses the next current_node P10 pointed by 

NextPointer of P9. It finds out that the query window w contains P10 and thus adds P10 to 

the result set. The mobile client repeats the above process until current_node becomes 

init_node (i.e., R0) again. Figure 3.1 (b) shows the entire process of this window query 

where the final result set is {P10, P29, P31, P32}.  

 

 

Figure 3.1: An Example of Window Query Processing 

(a) An example of window query w 
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3.2 kNN Query Processing Method 

 
A k nearest neighbor (kNN) query finds the k nearest objects to a query point. The 

basic idea of our kNN algorithm is that we quickly filter out the unnecessary search space 

by using MBR nodes of HMI. The search space will also continuously shrink as k 

candidate point nodes are obtained. Our kNN algorithm is given in Algorithm 2 where 

two functions min_dist(p, q) and distance(p, q) are used.  

The function min_dist(p, q) then returns the minimum possible distance between p 

and q.  Next, the function distance(p, q) returns the Euclidean distance between p and q. 

The variable maxdist is used as a radius of a bounding circle centered at the query point q. 

The maxdist is initialized to  , which means the bounding circle contains the entire 

search space. The initial value of maxdist(i.e.,  ) remains unchanged until the mobile 

client obtains the k nearest neighbor candidates in result set. In other words, the initial 

bounding circle does not shrink until the mobile client obtains the k candidate point 

objects in result set. 

Instead of going into the detailed algorithm (see Algorithm 2), we use an example 

(shown in Figure 3.2) to illustrate our kNN query processing. For this purpose, we use 

HMI in Figure 2.2 which is constructed from the search space in Figure 2.1. Figure 3.2 (a) 

shows a 2NN query issued over the same search space as given in Figure 2.1 where a 

query point q is located in the quadrant having the Hilbert-curve value of 50. Figure 3.2 

(b) shows the broadcast schedule of HMI where a mobile client initially probes a root 

index node R0. The root index node R0 then becomes current_node. The mobile client 

sets init_node to R0 without waiting for the next index segment because current_node is 

an index node. Since the type of current_node (i.e., R0) is MBR and min_dist(R0, q) < 

maxdist, current_node is set to R1 pointed by ChilldPointer of R0. Similarly, 

current_node is subsequently changed to R5 and then to P2 while maxdist (i.e.,  ) 

remains unchanged. 

When current_node is a point object P2, P2 is unconditionally added to result set. The 

node pointed by NextPointer of P2, P3, becomes a new current_node. P3 is also added to 

the result set. Since the result set now contains the two candidate point objects for the 

2NN query, maxdist is changed from   to max           , 𝑞 ||   ∈         
  2,  3  . That is, the search space for this 2NN query shrinks to the bounding circle with 

the radius distance(P3, q), which is shown as a solid circle across P3 in Figure 3.2 (a). 

Next, by following NextPointer of the current_node (i.e., P3), R6 becomes a new 

current_node. Since current_node(i.e., R6) overlaps with the bounding circle with radius 

maxdist (i.e., min_dist(R6, q) < maxdist = distance(P3, q)), all the child nodes (i.e., P5, P6, 

P7) of the current_node R6 need to be checked if they can be candidate point objects for 

2NN. Thus, the mobile client accesses the next current_node, P5, by following 

ChilldPointer of R6. Since distance(P5, q) < maxdist, P5 replaces the farthest point object 

P3 in the result set. Now, with the result set updated to {P2, P5}, the maxdist is changed 

to max          r, q || r ∈           2,  5  . (i.e., distance(P2,q)). The mobile 

client accesses a new current_node, P6, by following NextPointer of P5. Similarly, P6 

replaces the farthest point object P2 in the result set and then the result set is updated to 

{P5, P6}. Next, the maxdist is changed from distance(P2, q) to distance(P5, q). The search 

space shrinks to the bounding circle with radius maxdist = distance(P5, q), which is 
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shown as a solid circle across P5. The node P7 pointed by NextPointer of P6 becomes a 

new current_node. However, P7 is not considered as a candidate point object for 2NN 

because it is outside the bounding circle with radius maxdist = distance(P5, q). 

 

 
Next, the mobile client accesses a new current_node R7 pointed by NextPointer of P7. 

Since R7 overlaps with the bounding circle with radius maxdist, all the child nodes (i.e., 

P9, P10) of R7 need to be checked. As a result, current_node is subsequently changed to 

P9 and P10, which updates the result set with {P9, P10}. The search space again shrinks to 

the bounding circle with radius maxdist = distance(P10, q), which is shown as a solid 

circle across P10. The next current_node P12, pointed by NextPointer of P10, is outside the 

Algorithm 2 kNN Query Processing Method  
//INPUT: 

// a query point q, and the number of nearest neighbors, k 

//OUTPUT: 
// k nearest neighbors to q 

                                                     
Perform an initial probe; 

Let current_node be the node accessed by the initial probing; 

if (current_node is a data node) then 

Wait for the next index segment; 

Access the root index node from the broadcast channel; 

                 r        x        
end if 

                         
repeat 

if (                      ) then 

Access current_node from the broadcast channel; 

end if 

if (the type of current_node is MBR) then 

if (min_dist(current_node, q)< maxdist) then 

                                 rr           
else 

if (current_node includes init_node) then 

break; 

end if 

                                             
end if 

else {the type of current_node is POINT} 

if (number < k) then 

                                   

                     
if (number == k) then 

          max           , 𝑞 ||r ∈           
end if 

else 

if (distance(current_node, q) < maxdist) then 

Replace the farthest point object in result set with q; 

          max           , 𝑞 ||   ∈           
end if 

end if 

                                             
end if 

until (                        ) 

return result; 
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bounding circle and therefore is excluded from the result set. The next current_node R2, 

pointed by NextPointer of P12, does not overlap with the bounding circle with radius 

maxdist = distance(P10, q), which allows the mobile client to skip all the descendant 

nodes of R2 (i.e., R8, P16, P17, R9, P20, …, R11, P29, P31) by going to doze mode(as 

indicated by dark frames in Figure 3.2 (b)) and only wakes up to access the next 

current_node R3 pointed by NextPointer of R2. 

 

Figure 3.2: An Example of 2NN Query Processing 

 

 

The mobile client repeats the above process until the next current_node becomes 

init_node (i.e., R0) again in this example. Note that Algorithm 2 has another stopping 

condition similar to the one given in Algorithm 1. That is, if init_node is not the root 

index node, then the mobile client may stop traversing HMI when current_node becomes 

the MBR node having a certain constraint. That is, the MBR node must include init_node 

and min_dist(current_node, q) < maxdist. Figure 3.2 (b) shows the entire process of this 

2NN query processing where the final result set is shown to be {P50, P52}.  

(a) An example of 2NN query 
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4. PERFORMANCE ANALYSIS 

In this section, we compare the performance of HMI with HCI[14] , DSI[15, 16] , and 

w-disk
*
[20]. Two datasets, UNIFORM and REAL, are used in our performance 

evaluation, as shown in Figure 4.1. In the UNIFORM dataset, 10,000 points are 

uniformly generated in a square Euclidean space. The REAL dataset contains 5922 cities 

and villages in Greece, extracted from the point dataset available in [23]. 

 

Figure 4.1: Datasets for Performance Evaluation 

 

The system model in the simulation consists of a base station, an arbitrary number of 

mobile clients, and a broadcast channel. The size of a data object is set to 1024 bytes. A 

two-dimensional coordinate is represented by two floating numbers (8 bytes each) and 

the HC value is represented in the same total size (16 bytes). For each pointer in the node 

of HMI, 2 bytes are allocated. We use total bytes to measure access latency and tuning 

time because the actual time is dependent on the simulation system. Table 4.1 

summarizes the configuration parameters of the system model and also the default 

settings. 

 

Table 4.1: Simulation parameters 

Parameters Description Setting  
WinSideRatio Ratio of average side length of a query 

window to that of the search space 

0.01 ~ 0.1 

DataSize Size of a data object 1024 bytes 

MBRSize Size of two coordinates of MBR 32 bytes 

HCSize Size of Hilbert Curve value of a data object 16 bytes 

PointerSize Size of Pointer 2 bytes 

TypeSize Size of a node type 1 bit 

k the number of nearest neighbors 1 ~ 30 

n the total number of data objects 10,000 

 

While scalability is a major strength of wireless broadcast systems, we only 

simulated the action of a mobile client since the number of mobile clients does not affect 

the system performance. We perform our experiment by executing window and kNN 
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queries. For each simulation experiment, we issue 1,000 random queries. We chose the 

average access and tuning times of a mobile client as our primary performance metrics. 

Note that the tuning time represents the power consumed by a mobile client to retrieve 

the required data.  The average access and tuning times are measured by averaging the 

access and tuning times of a mobile client over 1,000 simulation runs. The results are 

presented in the following sub-sections. 
 
4.1 Window Queries 
 

In this section, we analyze the performance of HMI for window queries by varying 

the size of a query window in a REAL dataset and UNIFORM dataset. The size of a 

query window, WinSideRatio, is defined as the ratio of the side length of the query 

window to the side length of the whole search space. We varied WinSideRatio from 0.01 

to 0.1 for this experiment. 

 

 

 

 

Figure 4.2 shows that the average tuning times of window queries of HMI, HCI, DSI, 

and w-disk
*
 in UNIFORM and REAL datasets. As the size of a query window increases, 

the average tuning times for all four indexes increase. HMI provides better average 

tuning time than HCI, DSI, and w-disk
*
 in both UNIFORM and REAL datasets. DSI has 

the worst average tuning time, because it has to access an entire frame consisting of data 

and an index table to get the necessary index information. The w-disk
*
 gives the second 

highest tuning time, since it requires access to the additional unnecessary nodes of R-tree 

when a mobile client initially tunes to a non-root node of R-tree. In comparison with HCI, 

HMI provides lower tuning times due to its better pruning power.  On the average, the 

tuning time of HMI improves 21.5% when compared with HCI.  

Figure 4.2: Average tunning time for the varying size of window query 

 

 space search wholethe of length  sidethe

owquery wind a of length  sidethe
ioWinSideRat
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Figure 4.3: Average access time for the varying size of window query 

 

Figure 4.3 shows that the average access times of window queries of HMI, HCI, DSI, 

and w-disk
*
 in UNIFORM and REAL datasets. As the size of a query window increases, 

the average access times for all indexes slowly increase. This is because all four methods 

require about one broadcast cycle to complete a window query.  Among HMI, HCI, DSI, 

and w-disk
* 

methods, DSI showed the best average access time; the reason being that 

unlike the other three methods, DSI does not separate index and data segments for 

broadcasting. On the average, the access time of DSI is 8.5% better than that of HMI. 

The w-disk
*
 showed the worst average access time because it has the largest size of an 

index node. HCI performs slightly better than HMI, since an index node of HMI is larger 

than that of HCI.  
 

4.2 kNN Queries 
 

In this section, we analyze the performance of the HMI method for kNN queries in 

UNIFOM and REAL datasets. We examined its average tuning and access times by 

varying k from 1 to 30 for the experiment. Figure 4.4 shows the average tuning times of 

kNN queries of HMI, HCI, DSI, and w-disk
*
. For the DSI method, we used the 

aggressive kNN query processing algorithm for this experiment. This is because the 

conservative kNN query processing algorithm proposed in DSI fails to give the correct 

answer. The average tuning times of all indexes increases as k increases. The w-disk
*
 is 

likely to tune more R-tree nodes than necessary if it initially tunes to the non-root node of 

R-tree. Thus, w-disk
*
 gives the worst tuning time as k increases.  

The average tuning time of HCI is worse than those of DSI and HMI, because HCI 

has to scan an index tree twice to process kNN queries. In comparison with DSI and HMI, 

DSI performs worse than HMI, since DSI needs to retrieve more data objects to 

terminate the search process of kNN query. HMI gives the best average tuning time 

because its index structure allows it to prune the index nodes more effectively.  HMI 

gives 45% average tuning time improvement over DSI.  

 

Figure 4.4: Average tuning time for the varying k 
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Figure 4.5 shows that the average access times of HMI, HCI, and w-disk
*
. The 

average access time of DSI
1 
far exceeds those of HMI, HCI, and w-disk

*
. As a result, we 

do not plot the average access times of DSI in Figure 4.5 to show the relative differences 

of average access times of HMI, HCI, and w-disk
*
. DSI requires more broadcast cycles 

than HMI, HCI, and w-disk
*
 to terminate the search process of kNN query. Thus, DSI 

gives the worst average access time. 

 

Figure 4.5: Average access time for the varying k 

 

The average access times of all three indexes in the figure increase very slowly as k 

increases. This is because the average access time required to answer kNN query remains 

almost unchanged regardless of the values of k.  The HMI and w-disk
*
 shows the better 

average access times than that of HCI. HCI needs to have a probe wait time whereas 

HMI and w-disk
*
 do not. HCI also needs to scan B

+
 index tree twice. All of these 

additional overhead processes makes HCI perform worse than HMI and w-disk
*
. HMI 

gives better average access time than w-disk
*
 since the index node of HMI is smaller than 

that of w-disk
*
.  That is, HMI gives 20% improvement of the average access time over 

w-disk
*
. 

5. CONCLUSION 

We have proposed a new spatial index scheme called HMI for the effective 

processing of window and kNN queries in a single wireless broadcast channel. Our 

proposed HMI obtains the better filtering power for the processing of LBS queries than 

the current existing schemes. The reason is that HMI combines the structures of MBR 

with the Hilbert-curve order. Our simulation results show that HMI gives better average 

access and tuning times for kNN queries than all the current existing methods analyzed in 

this study. HMI also gives the better average tuning times and the comparable average 

access times of window queries over the current existing schemes used in this paper. 
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