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Novel Method for Continuous Queries Processing in Road Networks
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Abstract CKNN (Continuous k-Nearest Neighbor) queries in road networks have recently received many attentions in
moving objects databases. In this paper, we presented a novel road networks directional graph model and use memory-
resident grid cell structure and linear list structures to store the moving objects and road network directional model. By
introducing directional network distance measurement we proposed the directional network expansion (DNE) algorithm

to reduce the network searching cost of CKNN queries processing. Experimental results show that the DNE algorithm

outperforms existing algorithms.
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Algorithm 1 Directional Network Expansion Query (g)
1. Initialize the empty heap H; set q. kNN. dist=co
2. Get the grid that contains ¢, search all edges in the gird
3. Get edge e that contains q, let e be the root of q. tree
4. Insert the m best objects in e into q. result; Update q. KENN. dist
5.1 m>k, then return the £ NN objects
6. Else search the edges that connect e. end; en-heap all the edges
into H according its distance from ¢
7. Get k best objects from front nodes in H, Update q. ENN. dist
8. While next node n in H has key E;(n,q)<q. ENN., dist
9. Deheapn
10.  For each object 0 in n, Compute the distance between o and ¢
i e. Es)t(q,o)
11, Update q. result, q. NN, dist and q. tree
12, If the heap H=¢, then return
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