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Abstract: GPS-equipped taxis can be regarded as mobile sensors probing traffic flows on road surfaces, and
taxi drivers are usually experienced in finding the fastest (quickest) route to a destination based on their
knowledge. In this paper, we mine smart driving directions from the historical GPS trajectories of a large
number of taxis, and provide a user with the practically fastest route to a given destination at a given departure
time. In our approach, we propose a time-dependent

Landmark graph, where a node (landmark) is a road segment frequently traversed by taxis, to model the
intelligence of taxi drivers and the properties of dynamic road networks. Then, a Variance-Entropy-Based
Clustering approach is devised to estimate the distribution of travel time between two landmarks in different
time slots. Based on this graph, we design a two-stage routing algorithm to compute the practically fastest
route. We build our system based on a real-world trajectory dataset generated by over 33,000 taxis in a period
of 3 months, and evaluate the system by conducting both synthetic experiments and in the field evaluations.
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1. INTRODUCTION

Finding efficient driving direction has become a daily activity and been implemented as a key
feature in many maps in Google map and Bing maps. A fast driving route saves not only the
time of a driver but also energy consumption (as most gas is wasted in traffic jams). There-
fore, this service is important for both end users and governments aiming to ease traffic
problems and protect environment.

Essentially, the time that a driver traverses a route depends on the following three aspects:

1) The physical feature of a route, such as distance, capacity (lanes), and the number of traffic
lights as well as direction turns;

2) The time-dependent traffic flow on the route; and

3) A user’s driving behavior. Given the same route, cautious drivers will likely drive relatively slower
than those preferring driving very fast and aggressively. Also, users’ driving behaviors usually vary in
their progressing driving experiences. For example, traveling on an unfamiliar route, a user has to pay
attention to the road signs, hence drive relatively slowly. Thus, a good routing service should
consider these three aspects (routes, traffic, and  drivers), which are far beyond the scope of the
shortest/fastest path computing. Usually, big cities have a large number of taxicabs traversing in
urban areas. For efficient taxi dispatching and monitoring, taxis are usually equipped with a GPS
sensor, which enables them to report their locations to a server at regular intervals, e.g.,2-
3minutes. Thatis,alotof GPS- equipped tax is already exist in major cities, generating a huge number
of GPS every day. Intuitively, taxi drivers & auto rixas drivers are experienced drivers who can
usually find out the fastest route to send passengers to a destination based on their knowledge (we
believe most taxi drivers are honest although a few of them might give passengers around about
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trip).When selecting driving directions, besides the distance of a route, they also consider other
factors, such as the time- variant traffic flows on road surfaces, traffic signals and direction
changes contained in a route. These factors can be learned by experienced drivers but are too
subtle and difficult to incorporate into existing routing engines. Therefore, these historical
taxis, which imply the intelligence of experienced drivers, provide us with a valuable resource to
learn practically fast driving directions. The public work or nature disasters may divert the normal
direction. But we can avoid them by proper updating from the particular area representatives
through corporation help. Here we are going to use BACK TRACKING algorithm to achieve this
solution.

2. LOCALSMOOTHING ALGORITHM

Local smoothing. This step aims to find the longest subsequence from the resulting sequence of the
global smoothing so as to satisfy the next-nearest principle. It’s clear that the brute-force algorithm

which checks all the subsequences (whether satisfy Principle 3) takes exponential time. We propose
an polynomial time algorithm as shown in Algorithm 1.

Input: a sequence L =1y = la = Iz = ... =1, 1 = [,,
dist(l; 1), 1,7 = 1,2, ,
Output: a subsequence (of L)
L= — Uy — 1) — — 10—+ 1] that satisfies:
Wi=1,2, m — 1,dist(l;, {; 1) = ming~ ; {dist{l;, 1)}
1 fore « 2ton do
2 for § + ¢ — 1 downto 1 do
3 if SL(7) ) then
4 | Insert the sequence I; — I; to SL(j)
5 else
6 Binary search in SL{3j) for the largest integer p such
that dist[I_,,I_,P)iIdist(EJ A ), if no such value exists,
P 0;
S+ whareg i: » l".b ¥+ is the p-th
sequence in SL{7) xf
7 Insert I; —+ [, after the p-th sequence of SL(j);
f# 1f p==10, insert 'f; —+ l; as the first
element of SL{j) #/
] for w + 1 to p do

5 i SL()( &1, &1, € SL(7,,) then

1 | return The longest sequence L' in {SL{¢}|i = 1,2,... n}
Algorithm1-Local Smoothing algorithm
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Fig. 1. Framework of self-adapted routing service.
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This section describes the process for learning the user’s custom factor and providing self-adapted
fastest route, which contains five steps as illustrated in Fig. 3:

1. Query sending. First, the user sends her query tuple to the cloud, where gs and qd are start point
and destination and td is the departure time. The parameter, is the custom factor

2. Route computing. According to the departure time, start and destination point, the cloud chooses a
proper landmark graph considering the weather information and whether it’s a holiday or a workday.
Based on the landmark graph, a two-stage routing algorithm is performed to obtain a time-dependent
fastest route based.

3. Route downloading and

4. Path logging. The cloud sends the computed driving routes along with the travel time distributions
of the landmark edges contained in the driving route to the phone. Later, the mobile phone logs the
user’s driving path with a GPS trajectory, which will be used for Recalculate the user’s custom factor.
The more a driver uses this system, the deeper this system understands the driver; hence, a better
driving direction services can be provided.

5. Adapting the custom factor. The custom factor of a given user can be learned in an self-adaptive
way.

3. EVALUATION ON ROUTING

For evaluating the effectiveness of the routes suggested by different methods (say methods A and B),
we use the following two criteria: Fast Rate 1 (FR1) and Fast Rate 2 (FR2) where method B is used as
a baseline.

number(ﬂls travel time < B stravel time

FR1 =
{ number(queries)

B'stravel time—A's travel time

{FR2 = : :
B’ s travel time

FR1 represents how many routes suggested by method A are faster than that of baseline method B,
and FR2 reflects to what extent the routes suggested by A are faster than the baseline’s. Meanwhile,
we use SR to represent the ratio of method A’s routes being equivalent to the baseline’s.We generate
1,200 queries with different geo-distances of origin-destination pairs and departure times. The geo
distances range from 3 to 23 km and follow a uniform distribution. The departure times range from 6
amto 10 pm and are generated randomly in different time slots. The results are shown in figure.
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Figure4. Verified Results.

4. CONCLUSION

This paper presents an approach that finds out the practically fastest route to a destination at a given
departure time in terms of taxi drivers' intelligence learned from a large number of historical taxi
trajectories. In our method, we first construct a time-dependent landmark graph, and then perform a
two-stage routing algorithm based on this graphto find the fastest route. We build a real system with
real world GPS trajectories generated by over 33,000 taxis in a period of 3 months, and evaluate the
system with extensive experiments and in-the-field evaluations. The results show that our method
significantly outperforms both the speed- constraint-based and the real-time-traffic-based method in
the aspects of effectiveness and efficiency.
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