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Abstract- With the rapid development of urbanization, the 
imbalance between supply and demand of taxi is becoming 
more and more serious. For the taxis, when they are cruising 
on the street the drivers looking for passengers, most drivers 
rely on their experience and intuition for the guideline to 
optimize their cruise routes and increase profit. Therefore, in 
this paper, the method and application of large data mining of 
taxi moving trajectory were presented.The system is based on 
multimodal annotation of geo-data. Users can rank their 
choices and then, based on the multi-criteria cost associated 
with each route, the best route can be used by them. Taxi GPS 
data has been used for Beijing city in which time and latitude 
and longitude co-ordinates has been stored for each taxi after 
every five minutes of time during their travel. At first, all text 
files have been read in the mat lab and collected dataset has 
been obtained for a number of taxi data in a given day. Then 
pre-processing is carried out in order to filter out the parking 
candidates based on algorithm designed for parking candidate 
selection. Essentially, the candidate detection algorithm finds 
out the locations where the GPS points of a taxi are densely 
clustered, with spatial and temporal constraints. After that 
Dijkstra algorithm has been applied based on starting and 
destination co-ordinates in which at first nearest parking slot 
is find out using the Euclidian distance and then shortest 
feasible route is find out between the starting and destination 
co-ordinates. Geographical show has been provided in the end 
to show the route between starting and destination nodes by 
Geoshow command. Proposed system effectively finds out the 
route along with intermediate nodes through which taxi can 
travel along with approximate distance of the journey in 
kilometers as well. 
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I. INTRODUCTION 
 
 Traveling plays an important role in our lives and 
more and more people choose to use vehicles for traveling. To 
facilitate route selection, a variety of navigation services 
become available and are able to recommend routes when  
source,  destination, and sometimes,  departure time, are 
given. However, the routes recommended by existing 

navigation services are not always preferred by all drivers. For 
example, a recent study suggests that the routes provided by a 
leading navigation service often fail to agree with the routes 
chosen by local drivers [1]. The reason of the disagreement 
may be two-fold. First, most of the existing navigation 
services only consider a limited number of travel costs, e.g., 
distance or travel time, and return routes that minimize a 
single travel cost, e.g., shortest routes or fastest routes. In 
contrast, drivers may consider a multitude of different travel 
costs. For instance, due to an increasing public awareness of 
environmental protection and high fuel pricing, many drivers 
increasingly consider fuel consumption [2], in addition to 
travel times and travel distances. Second, existing navigation 
services provide all drivers with the same routes (e.g., shortest 
routes or fastest routes) and they do not take into account 
individual drivers’ driving preferences (e.g., time-efficient 
driving, fuel-efficient driving, or some trade-off between 
them). These motivate us to study how to model drivers’ 
driving preferences and to provide personalized routes to 
different drivers, which can better satisfy drivers’ needs. 
Figure 1 shows two different driver’s choices of routes from 
source s to destination d. Both routes have similar distances; 

however, Aroute take less travel time and Broute takes less 
fuel1.  
 

 
Figure 1: Routes Used by Two Different Drivers 

 
This clearly demonstrates that the two drivers have 

different driving preferences—one tries to save time and the 
other aims to save fuel. In many cases, drivers also choose 
routes according to trade-offs among multiple travel costs of 
interest. Since different drivers may have different trade-offs, 
a single, recommended route cannot be preferred by all 
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drivers.With the rapid development and continuing use of 
vehicle tracking technologies (e.g., GPS), big trajectory data 
becomes available [3]. The big trajectory data provides 
opportunities to enable better navigation services that consider 
multiple travel costs and individual drivers’ driving 
preferences. In particular, it is possible to learn and update 
individual drivers’ driving preferences according to their 
trajectories. Further, when a driver plans a route, the 
trajectories used by those drivers who have similar driving 
preferences can be utilized to suggest personalized route to the 
driver. 

 
II. LITERATURE SURVEY 

 
Huimin Lv et al. [4] proposed a novel model for evaluating 
the candidate. Based on it, they design a recommendation 
system for taxi drivers to minimize their cruising driving 
distance before taking passengers regarding the time and 
location of the taxi. To be specific, they first put forward the 
temporal probabilistic recommending pick-up points by 
exploring the historical trajectory data of taxi drivers. Then 
they introduce the novel evaluation model, and based on it, 
they provide an algorithm to get the optimal route of different 
time and location for taxi drivers. 
 
Fan Yang et al. [5] proposed a new framework of 
recommending cruising routes based on Urban Traffic 
Coulomb’s Law where taxis and passengers are viewed as 
different types of charges. Traffic charges and attractions are 
calculated for each region at different time slots according to 
Urban Traffic Coulomb’s law, and then the cruising routes for 
drivers are computed by comparing the differences between 
attractions and the headings of adjacent road segments. 
 
Xiaola Lin et al. [6] proposed the method and application of 
big data mining for moving track of taxi based on MapReduce. 
TheMapReduce distributed computing framework in Hadoop 
was combined with the mining algorithm to extract the feature 
points of the taxi moving trajectory and perform hotspot 
analysis. 
 
Bin Yu et al. [7] presented the overall search-delivery process 
and define five factors that may explain the income difference, 
as well as develop a GMOL model to find a quantitative 
association between incomes and service strategies. Then, they 
finally conduct an elasticity analysis of the significant factors 
using the GMOL model and estimate contributions of each 
significant factors. 
 
Yi Mei et al. [8] developed new accessibility measures for 
routes and have designed a multi-objective A ∗routing 
algorithm. They have demonstrated the use of CAPRA in four 

different hilly environments where the path elevation could be 
very steep and problematic for a person in a wheelchair.  
Mei-Po Kwan et al. [9] paper puts forward a constraint-based 
model instead of using local frequency. Through taking into 
account the space-time characteristics of the specific origins 
and destinations of taxi trips, the routes identified with this 
constraint-based model better reflect the experience and actual 
route choice of taxi drivers. 
 
C. Guo et al. [10] propose route recommendation problem 
using big trajectory data. They provide techniques for 
modeling and updating driver’s driving preferences. They also 
provide efficient and effective methods to recommend 
personalized routes in two different settings: local route 
recommendation and global route recommendation. 
 
Ting Liu et al. [11] presented a novel approach to discover 
spatiotemporal patterns of household travel from the taxi 
trajectory dataset with a large number of point locations. The 
approach involves three critical steps: spatial clustering of taxi 
OD based on urban traffic grids to discover potentially 
meaningful places, identifying threshold values from statistics 
of the OD clusters to extract urban jobs-housing structures, 
and visualization of analytic results to understand the spatial 
distribution and temporal trends of the revealed urban 
structures and implied household commuting behavior.  
 
X. Xie et al. [12] evaluated the system by extensive 
experiments including a series of in the- field studies. As a 
result, the taxi recommender accurately predicts the time-
varying queue length at parking places and effectively 
provides the high-profit parking places; the passenger 
recommender successfully suggests the road segments where 
users can easily find vacant taxis, for example, the top-1 road 
segment recommended by their system considering day of the 
week and weather conditions matches the ground truth for all 
of the tested areas. 
 
Renaud Lambiotte et al. [13] developed new approaches that 
identify the evolution of surge dynamically over time. In this 
context, the development of algorithms and models that realize 
the spatio-temporal dynamics of complex urban systems using 
modern datasets from multiple location-based services or 
transport systems could be an interesting future direction to 
consider.  
 
Jian-Pan Li et al. [14] proposed a taxi-sharing 
recommendation mechanism for both taxis and passengers, 
which combines a non-cooperative game model to solve the 
competition among taxis in need of route recommendations. 
Based on the historical information of taxis and passengers, 
they built time-dependent R-Trees to discover popular 
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locations so that a server can suggest routes and locations 
using these R-Trees. 

III. SYSTEM MODULE 
 
Below is the figure of system overview. 

 

 
Figure 2: System Overview 

 
OFF-LINE MINING  
 
 Parking Places Detection  

 
This section details the process for detecting parking 

status from a non-occupied trip and accordingly finding out 
the parking places in the urban area of a city based on a 
collection of taxi trajectories.  

 
 Candidates Detection  

 
Figure 3 demonstrates the parking candidate 

detection approach, given a non-occupied trip p1 → p2 → ·· 
·→p7.  

 
Figure 3: Parking candidates’ detection 
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 Filtering  

 
To reduce false selections, we design a supervised 

model for picking out the true parking status from the 
candidate sets, using the following features:  
 
 Spatial-Temporal features including  

 
1) Minimum Bounding Ratio (MBR). MBR is the area 

ratio between the bounding box of the road segment 
(MBRr) and the bounding box of the GPS points 
(MBRc) in the candidate set.  

2) Average Distance: The average distance dc between 
points in the candidate set and their nearest road 
segments 

3) Center Distance: The distance between center point 
in MBRc of the candidate set and the road segments.  

4) Duration: The parking duration of a candidate.  
5) Last Speed: The speed of the last point leaving a 

parking candidate.  
 
 POI feature 

.  
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As we know, a parking place is highly relevant with 
the points of interests (POI) around it, e.g., subway exits, 
theaters, shopping malls within 50 meters, shown in Figure 4 
C). We employ the term frequency- 
 

 
Figure 4: A) Real parking place B) Traffic jam C) Features 

 
 Dijkstra’s Algorithm for shortest path selection 

 
To solve the single-pair shortest path problem, 

Dijkstra’s Algorithm is the most commonly used algorithm. 
For a given source node, Dijkstra’s Algorithm finds the path 
with the lowest net cost (sum of edge weights) to get to a 
particular destination node. The algorithm requires that all 
edge weights in the matrix be non-negative. By letting it run 
fully instead of stopping the algorithm once the desired 
destination is reached, Dijkstra’s Algorithm can also be used 
to solve the single-source shortest path problem, giving the 
shortest path from a defined start node to all other nodes in the 
matrix. Dijkstra’s Algorithm starts by labeling the value for 
the starting point as zero and temporarily labeling the value 
for every other node as infinity. It then recalculates the value 
for each node directly connected to the starting node as the 
starting node’s value (zero) plus the distance from the starting 
node to that node. The starting node is then labeled as visited 
and will not enter the calculations again. Meanwhile, of all the 
remaining nodes, the one with the smallest value (which is the 
shortest distance from the starting point) becomes the current 
node of interest. The values are recalculated for all nodes 
directly connected to the current node. The values for each of 
these connected nodes equal the value of the current node plus 
the distance from the current node to each of them. The 
current node is then labeled as visited and does not enter into 
future calculations. As before, the remaining node with the 
smallest value becomes the new current node. The values of 
all nodes directly connected to it are recalculated, leading to 
selection of the minimum as the next current node. This 
process continues until every node in the matrix has been 
labeled as visited. At this point, the value of each node equals 
the length of the shortest path from the starting node to it. The 
worst case performance of Dijkstra’s original algorithm, first 
conceived in 1956, requires on the order of O (N2) 
calculations, where N is the number of nodes in the matrix. 
However, by implementing a Min-Priority Queue with a 
Fibonacci Heap along with Dijkstra’s Algorithm, the solution 
can be reached on the order of O(E + N log N) calculations, 
where N is the number of nodes in the matrix and E is the 

number of edges between nodes. In the Min-Priority Queue 
with Fibonacci Heap method, the matrix is typically stored in 
the form of adjacency lists telling which nodes are directly 
connected to which. Certain values in this node heaps can be 
pre-calculated. Then, instead of recalculating values for almost 
every node in the matrix every time a new current node is 
considered, certain heaps are given priority as the most likely 
sources of the next current node. Dijkstra’s Algorithm 
implementing Min-Priority Queue with a Fibonacci Heap is 
especially efficient in dispersed matrices, where all nodes are 
not connected to each other . This is considered the fastest 
single-source shortest path algorithm for matrices with non-
negative edge weights. Because of its speed and versatility, 
Dijkstra’s Algorithm with Min-Priority Queue and Fibonacci 
Heap is widely used in network routing protocols, especially 
OSPF (Open Shortest Path First) and IS-IS (Intermediate 
System to Intermediate System), as well as most transportation 
routing applications. 
 

IV. RESULTS AND DISCUSSIONS 
 

In first step all the files are read into matlab and data, 
time and latitude-longitude parameters are concatenated into 
single matrices. Further these matrices are further processed to 
get the taxi spots. It removes the traffic jam stoppages etc. and 
provide the parking taxi spots. 
 

 
Figure 5: Trajectories of all the taxis in a given day 

 

 
Figure 6: Parking candidates’ detection 
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Figure 7: Raw trajectory data (Red trajectories) and filtered 

parking candidates (green trajectories) 
 

 
Figure 8: Route detected by dijkstra algorithm between 

starting and destination locations with SID and FID location 
 

 
Figure 9:  Route trajectory shown on Geoshow graph for SID 

and FID 

 
Figure 10:  Route trajectory after zooming for SID and 

FID 
 

 
 

V. CONCLUSION 
 
From the above study, it is concluded that a novel 

approach  which is used to discover spatiotemporal patterns of 
household travel from the taxi trajectory dataset with a large 
number of point locations involves three critical steps: spatial 
clustering of taxi OD based on urban traffic grids to discover 
potentially meaningful places, identifying threshold values 
from statistics of the OD clusters to extract urban jobs-housing 
structures, and visualization of analytic results to understand 
the spatial distribution and temporal trends of the revealed 
urban structures and implied household commuting behavior. 
Based on the historical information of taxis and passengers, 
we propose parking candidate selection algorithm to discover 
popular locations so that a server can suggest routes and 
locations using these nodes. The proposed recommender 
system can assist both taxi drivers and passengers using a 
huge number of historical GPS trajectories of taxis. 
Specifically, on the one hand, given the geo-position and time 
of a taxicab looking for passengers, we suggest the taxi driver 
with a location, towards which he/she is most likely to pick up 
a passenger as soon as possible and maximize the profit of the 
next trip. This recommendation helps reduce the cruising 
(without a fare) time of a taxi thus saves energy consumption 
and eases the exhaust pollution as well as helps the drivers to 
make more profit. On the other hand, we provide people 
expecting to take a taxi with the locations (within a walking 
distance) where they are most likely to find a vacant taxicab. 
Using our recommender system, a taxi will find passengers 
more quickly and people will take a taxi more easily thereby 
reducing the supply/demand disequilibrium problem to some 
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extent. In the future, proposed taxi recommender can be 
deployed the in the real world so as to further validate and 
improve the effectiveness and robustness of this system. 
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