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Abstract: Mobile technology is one of the fast-growing technologies to improve the communication among the people. GPSequipped vehicles can be regarded as mobile sensors probing traffic flows on road surfaces and users are usually experienced in
finding the fastest (quickest) route to a destination based on query from the historical GPS trajectories of a large number of
vehicles, and provide a user with the practically fastest route to a given destination at a given departure time. With the
tremendous growth in mobile technology, people of the mobile user want to know the information regarding their needs which is
based LBS (Location Based Service). LBS enable mobile users to query points-of-interest (e.g., ATM, restaurants) on various
features (e.g., category, price, quality, and variety). They manage points-of-interest (POIs) specific to their applications, and
enable mobile users to query for POIs that match with their preferences and time constraints and also it secures a user identity
and locality within basic mobile communication services. For this approach this paper provides the survey about various
techniques for providing the accurate and efficient query for the mobile users. This also provides the elapsed time to reach the
destination. Service integration process helps to retrieve all service details from the server without inquiring query. In the
proposed approach, this proposes a time-dependent service graph, where a node is a road segment frequently traversed by other
users, to model the intelligence search of LBS and the properties of dynamic road networks. It is used to find the nearest
neighbor services. We build the system based on a real world spatial simulation dataset and stored in MOD (moving object
database).
Keywords: Time Dependent Service Graph, Spatial Data Mining, LBS, Elapsed Time, Intelligent Transportation Systems (ITS),
Advanced Traffic Management Systems (ATMS), location based, services (LBS), Route-Saver module (RSM)
I.
INTRODUCTION
Some existing works focus on retrieving individual objects by specifying a query consisting of a query location and a set of query
keywords. These system define and categorize indoor distance between indoor uncertain objects and derive different distance
bounds that can facilitate the join processing and better decision making which is also based on the shortest route. Indexing on road
networks have been extensively studied in the existing. Various shortest path indices have been developed to support shortest path
search only. After analyzing some existing system, all system only concentrated on the routes and traffic flow. But our proposed
system gives better search like nearest services. The proposed system is used to find the nearest neighbor query and service. Based
on the location and preference of the user the query answering can made. The proposed system develops a new rapid data access
method called traffic based service selection. That is used to extend the road way in multidimensional method with the best
algorithm. For example hotel details (food, price, room availability), theater (name of the films, ticket availability, etc.), etc.
II.
RELATED WORK
we study the problem of KNN search on road networks. given a query location and a set of candidate objects in a road network, the
KNN search finds the k nearest objects to the query location. to address this problem, we propose a balanced search tree index,
called g-tree. the g-tree of a road network is constructed by recursively partitioning the road network into sub-networks and each gtree node corresponds to a sub-network. inspired by classical KNN search on metric space, we introduce a best-first search
algorithm on road networks, and propose an elaborately-designed assembly-based method to efficiently compute the minimum
distance from a g-tree node to the query location. g-tree only take so (|v|log|v|) space, where |v| is the number of vertices in a
network, and thus can easily scale up to large road networks with more than 20 millions vertices. Experimental results on eight real
–world datasets show that our method significantly outperforms state-of-the-art methods, even by 2-3 orders of magnitude.
The k-nearest-neighbor (k-NN) query is one of the most popular spatial query types for location-based services (LBS). In this paper,
we focus on k-NN queries in time-dependent road networks, where the travel time between two locations may vary significantly at
different time of the day. In practice, it is costly for a LBS provider to collect real-time traffic data from vehicle sorroa dside sensors
to compute the best route from a user to a spatial object of interest in terms of the travel time. Thus, we designs Mash Q, a server-
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side spatial mash up framework that enables a database server to efficiently evaluate K-NN queries using the route information and
travel time accessed from an external Web mapping service, e.g., Microsoft Bing Maps. Due to the expensive cost and limitations of
retrieving such external information, we propose three shared execution optimizations for Smash Q, namely, object grouping,
direction sharing, and user grouping, to reduce the number of external Web mapping requests and provide highly accurate query
answers. We evaluate SmashQ using Microsoft Bing Maps, a real road network, real data sets, and a synthetic data set.
Experimental results show that SMashQ is efficient and capable of producing highly accurate query answers
A. Existing System
1) To meet the accuracy requirement, the frame work SMashQ is used for the LBS to answer KNN queries accurately by
retrieving live travel times (and routes) from online route APIs (e.g., Google Directions API, Bing Maps API, which have live
traffic information.
2) Indexing on road network shave been extensively studied in the literature. Various shortest path indices have been developed to
support shortest path search efficiently.
3) Papa diaset al. study how to process range queries and KNN queries over points-of-interest, with respect to shortest path
distances on a road network.
4) Thomsen et al. study the caching of shortest paths obtained from online route APIs. They exploit tthe optimal sub path property
on cached paths to answer shortest path queries.
B. Disadvantages Of Existing System
1) Query results with inaccurate travel times may disrupt the users’ schedules, cause their dissatisfaction, and eventually risk the
LBS losing its users and advertisement revenues.
2) Similarly, high response time may drive users away from the LBS.
3) As a remark, online maps (e.g., Google Maps, Bing Maps), on the other hand, cannot process queries for the LBS either,
because those queries may involve specific attributes (e.g., quality, price, facility) that are only maintained by the LBS.
4) SmashQ does not utilize route log to derive exact travel times nor lower/upper bounds to boost the query performance of the
LBS.
C. Proposed System
1) In this proposed System, I exploit an observation namely that travel times change smoothly within a short duration. Routes
recently obtained from online route APIs may still provide accurate travel times to answer current queries. This property
enables us to design a more efficient solution for processing range and KNN queries.
2) Specifically, our method Route-Saver keeps at the LBS the routes which were obtained in the past d minutes (from an online
route API), where d is the expiry time parameter. These recent routes are then utilized to derive lower/upper bounding travel
times to reduce the number of route requests for answering range and KNN queries.
3) To reduce the number of route requests while providing accurate results, we combine information across multiple routes in the
log to derive tight lower/upper bounding travel times. I also propose effective techniques to compute such bounds efficiently.
Moreover, we examine the effect of different orderings for issuing route requests on saving route requests. And we study how
to parallelize route requests in order to reduce the query response time further.
D. Advantages of Proposed System
1) Our experiments show that our solution is three times more efficient than SMashQ, and yet achieves high result accuracy
(above 98 percent).
2) Combine information across multiple routes in the log to derive lower/upper bounding travel times, which support efficient and
accurate range and KNN search.
3) Develop heuristics to parallelize route requests for reducing the query response time further.
4) Evaluate our solutions on a real route API and also on a simulated route API for scalability tests.
III.

IMPLEMENTATION

A. Modules
1) Collect Hotel data
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2) Route APIs
3) Travel times
4) Queries accurate
B. Module description
1) Collect Hotel data: Collecting time-series spatial data related to Hotel. The spatial data includes the hotel location, types of
menus, cost and its ratings. Cost will be updated related to day to day life. All types of menus will be update. Based on the user
opinions, ratings will be checked and updated. After get all details user can booking hotels.
C. Route APIs
An online route API has access to current traffic information . It takes a route request as input and then returns a route along with
travel times on route segments. It provides mobile users with query services on a data set P, whose POIs (e.g., restaurants) are
specific to the LBS’s application. The LBS may store a road network G with edge weights as spatial distances, however G cannot
provide live travel times. In case P and G do not fit in main memory, the LBS may store P as an R-tree and store the G as a diskbased adjacency list .The current travel time to p, it may also provide the current travel times to other objects p0 on the route, and
may even offer tight ened lower/upper bounds of travel times to other objects.
D. Travel times
The time-tagged road network G and the route log L to derive lower and upper bounds of travel times for data points. As we will
elaborate soon, these bounds enable us to save route requests during query processing .the live travel times of routes from online
route APIs in order to offer accurate results. Maps to measure the live travel times for three pairs of locations .proposed for the LBS
to answer KNN queries accurately by retrieving live travel times (and routes) from online route APIs.
E. Queries accurate
The user can acquire his current geo-location q and then issue queries to a location-based server. In this paper, we consider range
and KNN queries based on live traffic. Upon receiving a KNN query from user q, the LBS first retrieves K objects with the small
estnet work distance from q and issues route requests for them. Let g be the K smallest current travel time. User will get live
traveling time and transport with perfect direction. User can see multiple hotels based on location. Update rating for all hotels and
price cost related to menus.
IV.
CONCLUSION AND FUTURE ENHANCEMENT
A. Conclusion
I propose a solution for the LBS to process range/KNN queries such that the query results have accurate travel times and the LBS
incurs few number of route requests. Our solution Route-Saver collects recent routes obtained from an online route API (within d
minutes). During query processing, it exploits those routes to derive effective lower-upper bounds for saving route requests, and
examines the candidates for queries in an effective order. I have also studied the parallelization of route requests to further reduce
query response time. Our experimental evaluation shows that Route-Saver is 3 times more efficient than a competitor, and yet
achieves high result accuracy (above 98 percent).
B. Future Enhancement
I plan to investigate automatic tuning the expiry time d based on a given accuracy requirement. This would help the LBS guarantee
its accuracy and improve their users’ satisfaction.
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