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Abstract
The spatiotemporal database systems requires the definition of 
suitable datasets simulating the typical behaviour of moving 
objects. Previous approaches for generating spatiotemporal data 
do not consider that moving objects often follow a given network. 
With the advance of wireless communication technology, it is 
quite common for people to view maps or get related services 
from the handheld devices, such as mobile phones and PDAs. 
Range queries, as one of the most commonly used tools, are often 
posed by the users to retrieve needful information from a spatial 
database. However, due to the limits of communication bandwidth 
and hardware power of handheld devices, displaying all the results 
of a range query on a handheld device is neither communication 
efficient nor informative to the users. This is simply because that 
there are often too many results returned from a range query. 
In view of this problem, we present a novel idea that a concise 
representation of a specified size for the range query results, 
while incurring minimal information loss, shall be computed 
and returned to the user. Such a concise range query not only 
reduces communication costs, but also offers better usability to 
the users, providing an opportunity for interactive exploration. 
The usefulness of the concise range queries is confirmed by 
comparing it with other possible alternatives, such as sampling 
and clustering.
In one dimension, a simple dynamic programming algorithm finds 
the optimal solution in polynomial time. However, this problem 
becomes NP-hard in two dimensions. Then, we settle for efficient 
heuristic algorithms for the problem for two or higher dimensions. 
Our Proposed techniques effectiveness and efficiency examined 
on real-world data.
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I. Introduction
Spatiotemporal database systems are an enabling technology for 
important applications such as Geographic Information Systems 
(GIS), environmental information systems, and multimedia. 
Especially, the storage and the retrieval of moving objects are 
central tasks of a spatiotemporal database system.
Numerous applications require the management of spatial data, 
i.e. data related to space. Spatial Database Systems (SDBS) 
are database systems for the management of spatial data. 
Increasingly large amounts of data are obtained from satellite 
images, X-ray crystallography or other automatic equipment. 
Therefore, automated knowledge discovery becomes more and 
more important in spatial databases.

A. The Behaviour of Moving Objects
In this section, the behaviour of moving objects is discussed with 
special consideration of vehicles and other means of transport. 
Their motion is influenced and restricted by different factors: 

1. The network
In general, a network channels the traffic. This observation holds 
for road traffic as well as for railway traffic. Air traffic also follows 
a (three-dimensional) network of air corridors and shipping is 
strongly influenced by rivers, channels, and other waterways. Even 
the motion of pedestrians follows a network. Herds of animals 
often follow a (invisible) network during their migration. In 
consequence, (almost) no objects can be observed outside of the 
network. Figure 1 shows two examples.
Statement 1: Moving real-world objects very often follow a 
network

Fig. 1: Usage of Motorways in Northwest Germany (left) and 
Migration of Butterflies (Right)

In many real applications, however, the accessibility of spatial 
objects is constrained by spatial (e.g., road) networks.It is therefore 
realistic to done the dissimilarity between objects by their network 
distance, instead of the Euclidean distance. The network distance 
between two objects p and q is dined by the length of the shortest 
path that reaches q from p and vice versa, assuming an undirected 
network graph. In addition, the distance between two nodes of the 
network graph may not be proportional to their Euclidean distance, 
as it can be characterized by weights, capturing cost due to various 
conditions (e.g., traffic, rough terrain, elevation, etc.).
Evaluation of spatial queries over spatial networks has already 
been studied by several researchers recognizing the important 
role, which the network is playing in search. Secondary memory 
structures are designed towards efficient processing of queries 
over spatial networks. Nevertheless there is no previous work on 
clustering objects that lie on spatial networks. 
Spatial databases have witnessed an increasing number of 
applications recently, partially due to the fast advance in the fields 
of mobile computing and embedded systems and the spread of the 
Internet. For example, it is quite common these days that people 
want to figure out the driving or walking directions from their 
handheld devices (mobile phones or PDAs). 
We present a novel idea that a concise representation of a 
specified size for the range query results, while incurring minimal 
information loss, shall be computed and returned to the user. Such 
a concise range query not only reduces communication costs, but 
also offers better usability to the users, providing an opportunity 
for interactive exploration. Unfortunately, we prove that finding 
the optimal representation with minimum information loss is 
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an NP-hard problem. Therefore, we propose several effective 
and nontrivial algorithms to find a good approximate result. 
Extensive experiments on real-world data have demonstrated the 
effectiveness and efficiency of the proposed techniques.
Statement 2: Time-scheduled traffic may influence the speed and 
the paths of moving objects

Fig. 2 Illustration of the Impacts on Scheduled Connections

II. Existing System
Facing the huge amount of spatial data collected by various 
devices, such as sensors and satellites, and limited bandwidth 
and/or computing power of handheld devices, how to deliver 
light but usable results to the clients is a very interesting, and of 
course, challenging task. 
First of all, the client-server bandwidth is often limited. This is 
especially true for mobile computing and embedded systems, 
which prevents the communication of query results with a large 
size. Moreover, it is equally the same for applications with PCs 
over the Internet. In these scenarios, the response time is a very 
critical factor for attracting users to choose the service of a product 
among different alternatives, e.g., Google Map versus Mapquest, 
since long response time may blemish the user experience. This is 
especially important when the query results have large scale.
Second, clients’ devices are often limited in both computational 
and memory resources. Large query results make it extremely 
difficult for clients to process, if not impossible. This is especially 
true for mobile Computing and embedded systems.
Third, when the query result size is large, it puts a computational 
and I/O burden on the server. The database indexing community 
has devoted a lot of effort in designing various efficient index 
structures to speed up query processing, but the result size imposes 
an inherent lower bound on the query processing cost. 

III. Proposed System
We focus on the problem of finding a concise representation for 
a point set P with minimum information loss.  We show that 
in one dimension, a simple dynamic programming algorithm 
finds the optimal solution in polynomial time. However, this 
problem becomes NP-hard in two dimensions. Then, we settle 
for efficient heuristic algorithms for two or higher dimensions. 
But, intuitively, we should go deeper into regions that are more 
“interesting,” i.e., regions deserving more user attention. These 
regions should get more budgets from the k bounding boxes to 
be returned to the user. Therefore, we would like a quantitative 
approach to measuring how “interesting” a node in the R-tree 
is, and a corresponding traversal algorithm that visits the R-tree 
adaptively. In the algorithm R-Adaptive, we start from the root 
of the R-tree with an initial budget of k, and traverse the tree top-
down recursively. Suppose we are at a node u with budget _, and 
u has b children u1; . . . ; ub those MBRs are either completely or 
partially inside Q. Let the counts associated with them be n1; . . . 
; nb. Specifically, if BR(ui) is completely inside Q, we set ni = nui 
; if it is partially inside, we compute ni proportionally as in 

Fig. 3, shows an example of a network. Nodes are denoted by 
squares and each node has a label. The lines represent edges and 
each edge is associated with a distance label. Objects are denoted 
by crosses. A point lies on exactly one edge. For instance, p2 lies 
on the edge (n1; n3) and it is 1.0 units away from n1 along the edge. 
Therefore, its position can be expressed by (n1; n3; 1.0).

Fig. 3: A Network

IV. Solving Techniques
In one dimension, a simple dynamic programming algorithm 
finds the optimal solution in polynomial time. However, this 
problem becomes NP-hard in two dimensions. Then, we settle 
for efficient heuristic algorithms for the problem for two or higher 
dimensions
Optimal Solution Technique Process for one dimension

Fig. 4: 

V. Module Description

1. Input data
For example, it is quite common these days that people want to 
figure out the driving or walking directions from their handheld 
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devices (mobile phones or PDAs). However, facing the huge 
amount of spatial data collected by various devices, such as sensors 
and satellites, and limited bandwidth and/or computing power 
of handheld devices, how to deliver light but usable results to 
the clients is a very interesting, and of course, challenging task. 
Collected spatial data are provided as an input.

2. One Dimension
In one dimension, a simple dynamic programming algorithm finds 
the optimal solution in polynomial time. We first give a dynamic 
programming algorithm for computing the optimal concise 
representation for a query.

3. Multi Dimension
Since our problem is also a clustering problem, it is tempting to 
use some popular clustering heuristic, such as the well-known 
k-means algorithm, for our problem as well. However, since the 
object function makes a big difference in different clustering 
problems, the heuristics designed for other clustering problems 
do not work for our case. The k-anonymity problem does share 
the same object function with us, but the clustering constraint 
there is that each cluster has at least k points, while we require 
that the number of clusters is k. 

4. View Result
The search results are viewed. The query result size significantly 
reduced as required by the user. The reduced size saves 
communication bandwidth and also the client’s memory and 
computational resources, which are of highest importance for 
mobile devices. Second, although the query size has been reduced, 
the usability of the query results has been actually improved. The 
concise representation of the results often gives the user more 
intuitive ideas and enables interactive exploration of the spatial 
database. Finally, we have designed R-tree-based algorithms so that 
a concise range query can be processed much more efficiently than 
evaluating the query exactly, especially in terms of I/O cost.

A. The Data-Space Oriented Approach (DSO)
The idea is to compute a position (x,y) by using a two-dimensional 
distribution function like and to determine the nearest node of 
the network. This node is the starting node of the moving object 
(see figure 4). Assuming a uniform distribution, the result of this 
approach is that at nodes, where the network is sparse, more 
objects start than at nodes, where the network is dense. In the 
example of figure 4, we find concentrations of starting nodes on 
roads bordering empty areas of the map. These concentrations 
are indicated by ovals..

Fig. 4: Illustration and Example of the Data-Space Oriented 
Approach

B. The Network-Based Approach (NB)
The idea of the last approach is to select a node by using a 
one-dimensional distribution function. Assuming a uniform 
distribution, each node is selected with the same probability. In 
this case, the distribution of the starting nodes is correlated to 
the density of the network; this effect is illustrated by the right 
example in fig. 5.

Fig. 5: Example for the Region-Based Approach (Left) and the 
Network-Based Approach (Right)

Fig. 6: A Fictitious Dataset, (a). With a Good Clustering of one 
Gaussian Cluster, One Subspace Cluster, and Noise; and (b). A 
Bad Clustering

VI. Algorithms Description

A. Optimal Solution in One Dimension
We first give a dynamic programming algorithm for computing 
the optimal concise representation for a set of points P lying on a 
line. Later, in Section 3.3, we will extend it to higher dimensions, 
leading to an efficient heuristic.
Let p1, . . . , pn be the points of P in sorted order. Let Pi,j represent 
the optimal partitioning underlying the best concise representation, 
i.e., with the minimum information loss, for the first i points of size 
j, i >= j. The optimal solution is simply the concise representation 
for Pn,k, and Pn,k could be found using a dynamic programming 
approach. The key observation is that in one dimension, the optimal 
partitioning always contains segments that do not overlap, i.e., we 
should always create a group with consecutive points without any 
point from another group in-between. Formally, we have
Lemma 1. Pi,j for i <= n; j <= k and i >= j assigns p1, . . . , pi into 
j nonoverlapping groups and each group contains all consecutive 
points covered by its extent
Proof. We prove by contradiction. Suppose this is not the case 
and Pi;j contains two groups P1 and P2 that overlap in their extents 
as illustrated in fig. 2. Let Pi:xl and Pi:xr denote the leftmost and 
rightmost points in Pi. Without loss of generality, we assume P1:xl 
<= P2:xl. Since P1 intersects P2, we have P2:xl <= P1:xr. If we simply 
exchange the membership of P1:xr and P2:xl to get P10 and P20, it is 
not hard to see that both groups’ extents shrink and the numbers 
of points stay the same. This contradicts with the assumption that 
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Pi;j is the optimal partitioning. 

Fig. 7: Proof of Lemma 1

B. Hardness of the Problem in 2D
Not surprisingly, like many other clustering problems, for a point 
set P in IR2, the problem of finding a concise representation of 
size k with minimum information loss is NP-hard. Also, similar 
to other clustering problems in euclidean space, the NP-hardness 
proof is quite involved. Below, we give a carefully designed 
construction that gives a reduction from PLANAR 3-SAT to the 
concise representation problem.
In the classical 3-SAT problem, there are n Boolean variables 
x1, . . . , xn and m clauses C1, . . . , Cm, where each clause is a 
disjunction of three variables or their negations. The problem is 
to decide if there exists an assignment of variables such that all 
clauses evaluate to true. Assume that we map each variable and 
each clause

Fig. 8: The Graph G of the PLANAR 3-SAT Instance, where a 
Circle Represents a Variable and a Square Represents a Clause

The fig. shows the chain of points surrounding the three edges 
incident to one of the variables.

Fig. 9: Joining Three Chains at a Clause

1. Algorithm MyGroup
From the reference [8], Below we present another, more direct 
algorithm in two or more dimensions. It is an iterative algorithm 
that finds the k groups P1; . . . ; Pk, one at a time. We call this 
algorithm MyGroup. In each iteration, we start with a seed, 
randomly chosen from the remaining points, and greedily add 
points into the group one by one. In the ith iteration, we first 
initialize the group Pi to include only the seed. Let U be the set 
of remaining points. Let ρ(X) and A(X) be the extent and area of 
the minimum bounding box of the set of points X, respectively. 
As we add points into Pi, we keep an estimated

Algorithm 1: The Algorithm MyGroup

Algorithm 2: Recursive call visit(u,k)

C. Complement Concise Range Queries
As we mentioned in Section 1, the user may also be interested 
in asking a complement concise range query, i.e., she specifies 
a maximum allowed information loss L and then the goal is 
to compute a concise representation of the query results with 
minimum size that has an information loss no more than L.
Since by definition, the larger k is, the smaller the information 
loss is. Thus, we can conduct a binary search on k to find the 
minimum k that satisfies the user’s requirement. Thus, after a 
logarithmic number of steps, we can find a good R that meets 
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the user’s requirement. Note that, however, since our heuristic 
solutions cannot guarantee to find the minimum information loss 
for a given k, this binary search cannot guarantee to find the 
minimum k for the complement concise query problem either. 
This is not surprising, since the complement concise range query 
problem can be also shown to be NP-hard following our proof 
for the primary problem.

C. Progressive Refinement
Another useful yet simple extension of our algorithms is to support 
progressive refinement of the concise representation. In this case, 
the user with a slow network connection does not specify a k 
beforehand. Instead, the database server produces a series of 
concise representations of the query results with geometrically 
increasing sizes, e.g., k = 10, 20, 40, 80, . . . . As time goes on, 
better and better representations are streamed to the user.

VII. Experimental Results
The Experimental Results are Taken from the Reference [8] and  
it is illustrated as follows. 

A. Experimental Setup
We have implemented our two base algorithms, HGroup and 
MyGroup, as well as the two R-tree traversal algorithms R-BFS 
and R-Adaptive. Specifically, we used the R*-tree  to index all 
the points in the data set. The MyGroup algorithms first traverse 
the R-tree to produce a number of MBRs and feed them into the 
base algorithms, so we have, in total, two combinations: R-BFS 
þ MyGroup, R-BFS þ HGroup, R-Adaptive þ MyGroup, a n d 
R-Adaptive þ HGroup. T h e straw-men we compare against are 
the k-means clustering algorithm and the MinSkew histogram. In 
particular, for k-means and MinSkew, we first obtain all the data 
points in the query region via R-tree, and then conduct either of 
the two methods to obtain clusters/partitions. All the algorithms 
were implemented in C++, and the experiments were conducted 
on a machine with a 4 GHz CPU and 1 G main memory. The page 
size of the R-tree is set to 4 KB.

B. Data Sets
We tested the query performance of our approaches over three real 
data sets, road networks from North America (NA), California 
(CA), and City of San Joaquin County (TG), and one synthetic 
data set, Skew. Specifically, for real data sets, NA and CA are from 
digital chart of the world server, whereas TG is from [31]. CA 
also contains a large number of points of interest (e.g., restaurants 
and resorts). These data sets are available online.2 Points from 
the three real data sets have been normalized to lie within the 
unit square. The sizes for CA, NA, and TG are 125, 818, 175, 
813, and 18,263, respectively. For the synthetic data set, Skew, 
we generate 100,000 data points within the unit square, where 
the coordinate on each dimension follows Zipf distribution (with 
skewness 0.8).
Note that, we evaluate the query performance on 2D real/synthetic 
point data sets mentioned above, since these spatial data follow 
typical data distributions in spatial databases. Moreover, the concise 
range query on these 2D spatial data has practical applications such 
as electronic maps like Google map or Mapquest, as mentioned 
in Section 1, where concise range answers have to be displayed 
on the small screens of handheld devices (e.g., PDA or mobile 
phone). 

Fig. 10 Visualization of Results. (a) All Query Results. (b) Concise 
Representation of (a). (c) Concise Representation of the Query in 
(b). (d) Exact Results of the Query in (c).Visualization of Results 
and Interactive Exploration 

We first did some test queries to see if the concise representation 
indeed gives the user some intuitive high-level ideas about the 
query results. There are a total of 4,147 points in the full result, 
which corresponds to roughly 33 Kbytes of data (assuming each 
coordinate and each count take 4 bytes). When plotting Fig. 7b, the 
gray scale is set to be proportional to the density of each bounding 
box (count/ area). From the visualization results, we can see that 
even with k as small as 20, which corresponds to merely 400 bytes 
(suppose the user’s bandwidth budget is 400 bytes), the concise 
result is already a pretty close approximation of the exact result. 
Compared with the exact results, the concise representation has 
an 80-fold reduction in size.

VIII. Conclusions and Future Work
In this Paper, A new concept that of new type of range queries 
has been proposed in this paper, which simultaneously addresses 
the following three problems of traditional range queries. First, it 
reduces the query result size significantly as required by the user. 
The reduced size saves communication bandwidth and also the 
client’s memory and computational resources, which are of highest 
importance for mobile devices. Second, although the query size has 
been reduced, the usability of the query results has been actually 
improved. The concise representation of the results often gives 
the user more intuitive ideas and enables interactive exploration 
of the spatial database. Finally, we have designed R-tree-based 
algorithms so that a concise range query can be processed much 
more efficiently than evaluating the query exactly, especially in 
terms of I/O cost. The further work would it can implanted in 
handheld devices by providing advanced GUI.
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