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Representation of 
Transportation Network and 
Continuous Nearest Neighbor 
Search 

2. Integrated Representation Method of 
Transportation Network 

For queries in ITS, it is important to identify certain 
classes of attributes that may not be presented in road 
maps: for example, one-way road with attributes of links, 
traffic constraints, information about turns between links, 
or access conditions from one link to another [6]. Moreover, 
for some important route planning problems, the turn 
costs are also considered [7] when we make a turn on a 
cross-point. A representation method for integrating 
traffic and spatial information about road network is 
proposed in this section. 
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A road network with nodes and links representing the 
crosses and road segments can be regarded as an 
un-directed graph G, G = (V, L), where V is a set of 
vertices {v1, v2,..., vn}, and L is a collection of lines { l1, l2,..., 
lm}. Transportation network is regarded as a directed 
graph G', G' = (V, A), where V is a set of vertices {v1, v2,..., 
vn}, and A is a collection of arcs {a1, a2,..., ap}. 

 

 
To achieve efficient processes of transportation network, 

we propose a structure for integrating transportation 
information with spatial information of road network.  
Based on such representation, a method for searching 
continuous nearest neighbors for a specific route in ITS 
applications is proposed in this paper. Experiment shows 
that our method outperforms the traditional methods. 
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1. Introduction 
In Intelligent Transportation System (ITS), a query of 

continuous nearest neighbors (CNN) along a predefined 
route should be based on the transportation information 
including transportation routes and current travel cost 
(e.g., travel time) on segments of road network. The 
existing work for CNN search was almost presented from 
the computational geometry perspective [1, 2, 3]. Their 
CNN search methods for line segments are effective. All 
the works adopted the straight-line distance between 
objects as a measure to compute CNN. However, in ITS 
applications, objects can only move on the pre-defined 
road network, so the distance between objects should be 
decided by the shortest path length or least travel cost. 
We have proposed a method [4] to solve CNN problem on 
road network. By setting up search regions in the CNN 
search process Dijkstra's path search algorithm [5] can 
find shortest path lengths from the route to its CNN 
effectively. However, because the travel cost is not always 
in direct proportion to the path length, our method cannot 
be applied to compute CNN using travel cost, directly. In 
this paper, we propose a new method for CNN search, 
which takes the travel junctions (or traffic constraints) 
and travel cost on road segments and turn corners into 
consideration.  

Fig.1 Road segment and traffic arc 
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Fig.2 Cross node with constraint 
Fig.1 depicts these two kinds of graphs. In the 

un-directed graph of Fig.1 (a), road segments are 
represented as lines; while in the directed graph of Fig.1 
(b), two-way roads are represented as a pair of arcs. One 
line for a road segment in Fig.1 (a) may be corresponded 
to two arcs in Fig.1 (b) for transportation segments in two 
directions. In addition to the directions of traffic, there are 
usually traffic controls (constraints) on transportation 
network: for example, the right-turn and U-turn are 
forbidden on some cross-points. Fig.2 depicts such a 
cross-point in transportation network. In Fig.2 (1), the 
transportation network is depicted by the node-link 
method (proposed in [8]): each arc depicts a one-way road 
and each node corresponds to a junction. To represent the 
traffic constraints and turn costs, the cross-node vk is split 
into four nodes and one road segment between vk and vi 
(i=1…4) is replaced by three arcs. The multiplication of 
the nodes and links leads to a lower efficiency of 
processing on the network. Furthermore, this kind of 
representation method ignores the spatial attributes of 
map objects, and only the routing queries are applicable 

This paper is organized as follows. A representation 
method of transportation network is proposed in Section 2. 
Section 3 introduces a search method for CNN search on 
the transportation network. Section 4 evaluates our 
method and Section 5 makes a conclusion on our work.  
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well on this model. Therefore, we propose a representation 
method of transportation network by using super-node to 
integrate traffic information (including traffic cost and 
traffic constraints) and road network. Our method is 
similar to that proposed in [9] in keeping traffic 
information on nodes of road network. However, the 
information of traffic constraints and turn cost on the 
nodes was not discussed in [9]. 
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where MAX is defined as a large constant value.  
The element TCij in this matrix with a value of MAX 

represents a restriction from ini to outj: e.g., U-turn and 
right-turn are forbidden in this example, so MAX is 
assigned to TCii (i = 1, 2, 3, 4), TC14, TC21, TC32 and 
TC43. The value of TC12 represents the cost 10 (e.g., 10 
seconds) of making a left-turn on the cross-point (from 
in1 to ou 2), while the cost of crossing the point vk from 
in1 to out3 is 40. 

A super-node can be defined as a node in the road 
network: for example, vk in Fig.2 (2). The information on 
the super-node contains the following parts: 

(a) Cost-arc: The arc which has vk as its final vertex is 
called in-arc, denoted as ini, and similarly the arc 
which has vk as its initial vertex is called out-arc, 
denoted as outj. The number of those arcs is called 
as indegree (e.g., 4) and outdegree (e.g., 4), 
respectively. Every outi is defined as a Cost-arc 
which consists of the final vertex of this arc and 
the traffic cost for traveling through this arc. 
Cost-arcs of vk in Fig.2 (2) are 

This method is easy to integrate the traffic 
information and the basic road network. In the basic 
road network, the additional traffic information is 
managed on every node. When the number of nodes and 
traffic arcs is unchanged, the modification of the traffic 
information does not injure the stability of the spatial 
index structure (i.e., R-tree [10]) for road network. 
Therefore, a kind of queries that refer to the spatial 
information can be solved effectively by taking 
advantages of the spatial index structure. Another kind 
of queries, which refer to traffic information, can also be 
solved effectively by using proper methods. We center 
in the following section on solving the second kind of 
queries with a CNN search example. 
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(b) Constraint-matrix: The constraints on the 
super-node can be represented with an n × m 
matrix: 

.
2
1

)(

21

21

22221

11211



















=

nmnn

m

m

n

k

CCC

CCC
CCC

in

in
in

vCM

mout

L

MOMM

K

L

M

L
  

3. Continuous Nearest Neighbor Search 
The transportation network used by our CNN search is 

managed in a dataset, denoted as sup -node dataset, 
which is generated by the super-node representation 
method proposed in the previous section. The predefined 
route from a start point v1 to an end point vn is given by an 
array Route(v1, vn) = (v1, v2, ..., vn-1, vn), and the target 
object set {ta, tb, ... } is managed by a spatial index 
structure (e.g., R-tree). The detailed discussions about the 
processing of target objects with respect to the advantages 
of spatial index structure can be found in our previous 
papers [4, 11]. We center on the super-node representation 
method and its influence for CNN search. The super node 
dataset consists of information about road network and 
traffic cost on the network. To make straightforward the 
explanation, we use an abstract cost on road network, 
which can be regarded as the travel time, toll of a path 
and so on.  

 Cij equals to 1 when there is a restriction from ini to 
outj; and Cij equals to 0 when there is a junction from 
ini to outj. Constraint-ma rix for vk in Fig.2 (2) is: 
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where there are restrictions on going from in1 to out1 
and out4, from in2 to out1 and out2, from in3 to out2 and 
out3, and from in4 to out4 and out1.  

If there is no restriction for any ini of the super-node 
vk, Constraint-ma rix of vk is filled with 0, and is 
regarded as NULL. Moreover, our method is able to 
manipulate the turn cost by extending 
Constraint-matrix to a Turn-Cost/Constraint-matrix. 
CM can be modified to a Turn-Cost/Constraint-matrix: 

3.1 Observation of super-node dataset 
We make observations of the super node dataset in 

CNN search:  
(a) Every vertex in the super-node dataset keeps the 

cost information of possible out-arcs, so the travel 
cost from a vertex vi on Route(v1, vn) to the 
following vertex vi+1 along this route is kept on 
vertex vi and denoted as vi.costi+1. If NN of vi+1 is 
known as i+1 with cos (vi+1, ti+1) the travel cost 
from vi to its NN ti is not larger than a value 
Cost-limit(vi) which is computed by: 
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TCij (0 ≤ TCij < Max) is the turn cost from ini to outj. 
When the turn cost equals to Max, TCij means that 
there is restriction from ini to ou j. For example, 
Turn-Cost/Constraint-ma ix for vk in Fig.2 (2) may be 
like this: 

 
Cost-limit(v ) = vi.costi+1 + cost(vi+1 , ti+1 ) 
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Cost-limit(v ) is used to set a region for NN search 
of v  (e.g., in Fig.3), and NN of vi can be found only 
inside the dotted region. The region is defined as a 
circle with radius of Cost-limit(v ) and center of vi. 

Fig.3 Predefined route and NN for vi 
(b) The nearest target object ti+1 of vi+1 is also the 

nearest on the possible paths from vi via vi+1. In 
other words, ti+1 is the nearest one found on a path 
from vi via vi.outi+1. If there is any object being 
nearer to vi than ti+1, the shortest path from vi to it 
does not pass by vi+1. Certainly, it is possible that 
there is a path from vi to ti+1 via vj (j ≠ i+1), which 
is shorter than Cost-limit(v ).  

Conclusions can be driven from these observations: 
z The path length from vi to NN ti+1 of vi+1 can 

be set as a limit for NN search of vi; 
z NN search of vi can be executed along the 

out-arcs of vi except for v .outi+1. 
 Here, we give a simple proof for these conclusions: 

(a) ti+1 is a candidate of NN search of vi.  Because vi 
and vi+1 are along the same route Route(v1, vn), 
there is an out-arc of vi leading to vi+1. Being NN of 
vi+1, ti+1 can also be reached from vi via vi+1. So, ti+1 
is possible to be NN of vi, too. 

(b) Cost-limit(v ) is the shortest from vi to any object 
via vi+1. If there is another object t' with a path 
shorter than that of vi+1 via vi+1, then t' is also 
nearer to vi+1 than i+1. This contradicts to the 
promise that i+1 is NN of vi+1. 

3.2 Reverse search method of CNN 
We propose a method for CNN search along Route(v1, 

vn). This method begins from the end vertex of this route, 
and searches NN for every vertex in the reverse order of 
this route. Our method first searches tn for the end vertex 
vn; and then generates a search limit for the next 
computation vertex vn-1 using the previous result, and 
checks whether there is an object nearer to vn-1 via the 
out-arcs of vn-1 except for vn-1.outn. These steps run in cycle 
until the computation vertex is v1. The correctness of this 
method is assured by the previous observations. 

NN search for every vertex can be realized by adopting 
a priority queue to maintain the current frontier of the 
search. Any vertex with a higher cost from vi than the 
limit value is not inserted into the queue. By expanding 
the vertex on the head of queue, the algorithm ends when 
the head vertex connects to a target object. An example for 
NN search of vi is given in Fig. 3. NN of vi is to searched 
only inside the dotted region. There are assumptions that 

every grid represents a unit of cost; right-turn and U-turn 
are forbidden on vi; and no restrictions are imposed on 
vertex v43. The search for vi begins from the following 
possible out-arcs of v : here, vi.out43. As there is no target 
object connecting to v43, and the cost from vi to v43 is not 
larger than Cost-limit(vi), the search expands the vertex 
v43 using the width-first method. The vertex v42 connecting 
to a target object ti with the lowest cost is found, and the 
object ti is regarded as NN of vi.  
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4. Experimental Evaluation 

Our prototype system was developed in Java on an SGI 
O2 R5000 SC 180 entry-level desktop workstation (64 M 
Bytes of main memory, 80 G Bytes of disk and 4 K Bytes 
per page for disk I/O). The system manages basic road 
maps in a part of Aichi Prefecture, Japan. Evaluations are 
made using the transportation network generated by 
super-node method (denoted as SN) and node-link method 
(denoted as NL). The basic road map is indexed by R-tree. 
The targets used in our test are point objects with uniform 
distribution on the road network, which is managed by 
another spatial index. The number of targets is varied 
from 3% to 12% of the nodes on the road network.  

The size of a record of super-node (i.e., a cross node on 
road network, with four (vi, cost) and 16 
Constraint-matrix elements) is 72 Bytes (4 * (6 + 8) + 1 * 
16), which leads to 56 records per disk page. In NL 
method, the record for road segment is (from-node, 
to-node, weight), which is 24 Bytes (8 * 3) and leads to 170 
records per disk page. The total number of nodes Nnum is 
42,062 and number of links Lnum is 60,349 in the basic 
road map. The average traffic arcs connecting to a node is 
about 2.87 (=2 Lnum / Nnum). When there is no traffic 
constraint for the basic road map, in NL method, there are 
120,798 records (two times of the link numbers in road 
maps). As in SN method, the amount of information is 
related to the number of arcs in every node: here, the 
nodes with four, three, two and one out-arcs are about 24: 
51: 13: 12. The total arcs managed in SN method are 
120,798. When there are traffic constraints, Right-turn 
and U-turn are forbidden in about half of the cross and 
T-junction points. Then in NL method, there are about 
142,423 nodes (more than three times of that in SN 
method); and 135,293 arcs (more than two times of than in 
SN method). The situations are depicted in Fig. 4. The 
datasets generated by SN method shares the same value 
in Fig.4, which is denoted simply as SN method, because 
the number of objects keeps the same. On the contrary, 
there are different values for different conditions of the 
datasets in NL method. “Constraint” means there are 
traffic constraints in the dataset.  

CNN test results are given in Fig. 5. In the figure, 
x-axis represents the density of targets on the road 
network, which is the ratio of the targets' number (Tnum) 
to the nodes' number (Nnum) in basic road map; y-axis 
represents the CPU time of NN search for every 
computation-point on the predefined route. D represents 
that CNN search is done by adopting Dijkstra's algorithm 
for NN searches. When the traffic cost is set as the length 
of road segment, NN search is done inside a proper search 
region, which is a circle just like one generated in Section 
3; and R represents the reverse search method proposed 
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5. Conclusion in this paper. D algorithm is executed on the datasets 
generated by NL method with/without constraint (the 
number of objects is depicted in Fig. 4); and R algorithm is 
done on the dataset generated by SN method with/without 
constraint.  

In this paper, we proposed a super-node structure for 
integrating traffic information with spatial information of 
road network. Because by using this structure, traffic 
information is embedded in the spatial structure created 
for road network, the queries, which refer to spatial 
information and traffic information, could be solved more 
efficiently than other methods. Experiments on CNN 
search confirmed it. 
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In Fig. 5, we can observe that: when the searches are on 
the datasets without constraint, SN_R method is about 
1.7 to 2.6 times faster than NL_D method; when there are 
traffic constraints managed in the datasets, SN_R 
(Constraint) method is about 5 to 14.4 times faster than 
NL_D (Constraint) method. This is because: 
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(a) In our method, NN search only expands the nodes on 
road map in possible directions when there is any 
traffic constraint on the node. With our reverse CNN 
search method, one or more possible directions are 
decreased, and the following nodes on that direction 
need not to be tested. The search cost is shrunken. 
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(b) In NL_D method, Dijkstra’s algorithm is executed 
inside a proper search region. Therefore, NN search 
process includes the steps of generating search 
regions, creating distance matrices for networks 
inside the search regions and the path searches by 
using Dijkstra’s algorithm based on the matrices. The 
cost of matrix creation and path search is related to 
the number of nodes and arcs in the search region. 
When there are any traffic constraints, the number of 
nodes and arcs is increased; and the cost is increased, 
accordingly. The search region can be generated only 
when there are direct relations between the travel 
cost and the length of road segment. So, the 
comparison is only done on this assumption. In other 
situations, the search region cannot be created easily 
for NL_D search and our method is much faster than 
NL_D method.  
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