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Abstract—Every time after the taxi drivers drop off their
previous passengers, they have to decide how to search for
the next passengers. It may lead to poor performance if the
taxi drivers cruise according to their own experience, especially
for the freshmen. Therefore, it is valuable to recommend a
profitable cruising route for the taxi drivers in order to increase
their income and reduce waste in fuel. In this paper, we propose
to use a system of linear equations to calculate the score of
each road segment based on a large-scale real-world GPS data
set. The score of each road segment consists of 1) ‘the total
income of the road segment and 2) the attractiveness of the
drop-off location with respect to the next pick-up. Then, we
get the profitable cruising route based on the score of each
road segment using skyline computation. We build our system
using historical data set generated by 12,000 taxis of Beijing
in November 2012. Finally, we demonstrate that taxi driver
who follows our recommendation can enhance their income
compared to the ground truth.

I. INTRODUCTION

In many big cities, like New York, Beijing and Singa-
pore, taxis are equipped with GPS sensors for dispatching,
navigation and localization. Typically, one taxi will report
on its present location, timestamp and status (occupied,
cruising, etc) to data center in a certain frequency. Through
these large-scale real-world GPS data, we could conduct
lots of researches to better understanding our city, such as
predictability of human mobility [17], urban computing [10]
[13], route planning [20], anomaly detection [23], carpooling
[25], passenger/taxi-finding strategies [22] [26].

Taxi service has a quite significant role in public trans-
portation service nowadays. According to a recent survey
[19], there are 41% of the people would take a taxi weekly,
and 25% of the people would take a taxi daily in New York.
It is necessary to find an efficient and profitable passenger-
finding strategy for taxi drivers. An experienced taxi driver
knows how to plan his/her own routes after dropping off a
passenger, but not an inexperienced one. On the other hand,
the experienced taxi driver may not be familiar with one
entire big city, like Beijing. Fig. 1 shows the percentage of
occupied miles at each hour of one day. From this figure,
we can see that the percentage of occupied miles is only
60%-70% even in rush hours. Therefore, we would use a
profitable cruising route to help taxi drivers find their next
passengers in this paper. We not only want the taxi to pick
up a passenger as quickly as possible, but also expect the
passenger that the taxi picked up to be more profitably.

*Dr.Yuhan Dong is the corresponding author.

978-1-4799-6078-1/14/$31.00 ©2014 IEEE

70

[}
=]

wu
=]

Percentage of occupied miles (%)
%] &
o [=]

N
o

100

2 4 6 8 10 12 14 16 18 20 22 24
hours

Fig. 1. Percentage of occupied miles

The main contribution of this paper is that we use a
system of linear equations to calculate the score of each road
segment. The score of each road segment is influenced by the
following three factors:

¢ 1) The road segment where he/she can pick up passenger
with largest probability.

o 2) The length of the occupied paths that originate from
the road segment.

e 3) The occupied paths that originate from the road
segment have many drop-off points scattered in different
road segments. The attractiveness of these drop-off
location with respect to the next pick-up would be
considered.

After we get the score of each road segment, we would
recommend a profitable cruising route which has maximal
score to the taxi drivers. Considering the complexity and
accuracy, skyline computation is introduced to solve this
problem.

The rest of the paper is organized as follows. In the next
section, we review the related works of passenger-finding
strategies. In section III, we introduce the taxi GPS trace data
set and state some basic definitions. In section IV, we present
the framework of our passenger-finding strategy. In section
V, a system of linear equations is proposed to calculate the
score of each road segment more credibly. In section VI, we
use skyline computation to recommend a profitable cruising
route for taxi driver based on the score of each road segment.
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In section VII, we validate our work. Section VIII concludes
this paper.

II. RELATED WORKS

Passenger-finding strategies have been investigated by a
number of groups. Most of the papers are focused on recom-
mending hotspot to the cruising taxi driver. Chang et al [3]
extract hotspots from large amounts of pick up points using
clustering algorithm. Then, it would recommend a hotspot to
taxi driver based on the hotness of the hotspot. Similarly, [8]
propose an improved ARIMA method to forecast the spatial-
temporal variation of passengers in a hotspot to help taxi
drivers find new passengers. [7] states that a taxi driver would
remain in a local area (waiting) or travel a longer distance
(hunting) to find a new passenger. Then, L1-Norm Support
Vector Machine (SVM) is used to determine whether the taxi
driver should wait or hunt based on the current location and
time.

Instead of recommending one hotspot around the taxi
driver, [5] [6] [27] are focused on how to recommend a
sequence of hotspots to maximize the probability of picking
up a passenger with less cruising distance. In [22], the authors
propose an algorithm to extract parking places based on the
distance between non-occupied trajectories’ points. Then, it
aims to provide the taxi driver with the best parking place
and the best route to this parking place.

In [15] [18], the authors first find pick-up points from
large-scale real-world GPS data set using clustering algo-
rithm and calculate the success probability of each pick-up
point. Then, it assumes that the taxi driver will wait at the
current pick-up point or move to the next pick-up point. In
this occasion, an Markov Decision Process (MDP) model is
proposed to solve this problem.

However, there are few works concentrate on how to cruise
for the next passengers instead of recommending hotspots to
the taxi drivers. It is worth to mention that cruising route
recommendation is more specifically and accurately. In [14],
a Spatio-Temporal Profitability (STP) map is constructed
based on historical data to guide the taxi drivers in terms
of dividing a region into a grid of equally sized cells. In
[24], a system called pCruise is proposed to reduce the
taxi’s cruising mile. pCruise uses cruising graph to model a
taxi’s cruising process, where vertices represent intersections
and edges represent road segments connecting intersections.
Then, pCruise would recommend a shortest cruising route
with at least one expected available passenger for the taxi
driver based on cruising graph by an efficient sheduling.
[4] formalizes the passenger-finding strategies into a new
problem, global-optimal trajectory retrieving. In order to
solve this problem, a system called HUNTS is presented.

The closest work to ours is [4]. In [4], HUNTS uses a
dynamic scoring system to calculate the score of each road
segment which takes picking-up rate and average income into
consideration. We would like to point out that picking-up
rate can be inaccurately when the historical data is sparse
in one road segment. For example, if there are only one taxi

passing by the road segment and this taxi pick up a passenger.
Then, the picking-up rate would be 100% which wouldn’t
be realistic to represent the actual picking-up rate. On the
other hand, our recommendation considered the attractiveness
of the drop-off location with respect to the next pick-up.
Therefore, our work can obtain more rewarding in the long
term.

III. DATA DESCRIPTION AND BASIC DEFINITIONS
A. Data Description

We get the taxi GPS trace data set which are used in
this paper from datatang [1]. This data set includes more
than 1 billion records which were collected by 12,000 taxis
of Beijing in November 2012. There are about 4,300,000
occupied paths and 5,000,000 cruising paths. Most of the
taxis’ sampling rate is approximately 1 minute and an extra
sampling is performed when the status changes, i.e. a pas-
senger is picked up or dropped off. Each records consists of
the following fields.

o Taxi ID: unique id of the taxi

o Time: the sampling time, in the format of *YYYY-MM-
DD HH:MM:SS’

o Longitude: the longitude of the taxi

« Latitude: the latitude of the taxi

« Status: the status of the taxi, including occupied (repre-
sent as 1) and cruising (represent as 0).

B. Basic Definitions

Definition 1 (Road Segment): A road segment is a directed
edge r that is associated with an id r.wid, a starting point
r.s, an ending point r.e and a list of intermediate points.
Another important parameter is the length of road segment
and represent as r.l. It is a remarkable fact that a street is
consist of multiple road segments.

Definition 2 (Road Network): The road network is a
digraph G(V, E), where V is a set of vertices representing
the endpoints of a road segment. All the road segments are
included in E, and there are || E|| road segments.

Definition 3 (Cruising Route): A cruising route is a set of
road segments ¢ = {71, ...,7;,7j,...,7n }, Where 7;.e = r;.s.
The length of a cruising route ¢.l is the sum of these road
segments’ length, ie. ¢.l = >} ry.l

Definition 4 (Status): The status indicates whether a taxi
has a passenger or not. The taxi is occupied if it has a
passenger and represent as 1. The taxi is cruising if it is
traveling without a passenger and represent as 0.

Definition 5 (Trajectory): A trajectory T is a sequence of
GPS points with same status except the last one. The starting
point of a trajectory is 7.s, and the ending point of a trajectory
is 7.e. The distance between a point p to a road segment 7 is
defined as the minimum Euclid distance from p to the point
on r, e.g., d(p,r) = minge,d(p, q).

Definition 6 (Path): After map matching, a trajectory 7
would convert to a path p which is denoted by a sequence
of road segments r;, where ¢ = 1,2, ...,||p||. ||p|| represents
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Fig. 2. The framework of our system

the number of road segments that p traverses through. The
starting point of a path p is p.s which is the projection point
of 7.s on ry. The ending point of a path p is p.e which is
the projection point of T.e on 7.

Definition 7 (Path Length): The length of a path is denoted
by p.l. p.l is the length between p.s and p.e on the given path

p.
IV. SYSTEM OVERVIEW

Fig. 2 shows the framework of our system. First, we would
put all the GPS records that are included in our GPS data set
into MySQI. Then, we could extract the occupied trajectories
from these GPS records and dump into PostgreSQL as
PostGIS objects. Until now, ther are several map-matching
algorithms have been proposed, such as [11] [12] [21] [9]. In
this paper, we use the ST-Matching [11] to map-match these
occupied trajectories to paths, and these paths are dumped
back into PostgresSQL.

We partition one day into several time intervals, and the
length of each time period is ¢. Then, we could calculate
the score of each road segment in each time period. In this
paper, we set ¢ to two hours. The kth time interval is:

o =k =1, k¢, k=1,2,.. K (1)

We could select all the occupied paths which belong to
time interval ¢j. Then, we would use a system of linear
equations to calculate the score of each road segment based
on the previously selected paths. In other time intervals, we
could use the same process to calculate the score of each
road segment. Given the current time 7. and location L.
of a taxi driver, we would recommend a profitably cruising
route to he/she based on the score of each road segment. The
profitably cruising route should have maximum score within
a certain length.

V. CALCULATE THE SCORE OF EACH ROAD SEGMENT

The score of one road segment can indicates how much
this road segment is suitable for taxi driver to cruise for a
passenger. In this section, we demonstrate how to calculate
the score of each road segment.

----

----

_________

------

occupied gath P,

-----

,,,,,

drop-off location pj_e" .....
Fig. 3. The score of road segments r;

Given an occupied path p and its length p.l, we would use
the following Equation (2) to calculate the income f(p).

10 p.l < 3km
flp)=910+2x%(pl—3) 3km<pl<15km (2)
3443 (p.l —15) 15km < p.l

In Fig. 3, we illustrate how to calculate the score of
road segment r;. From Fig. 3, we can see that there are
several occupied paths which start from r;. For each occupied
path p;, we can get the income of p; by f(p;) and the
attractiveness of drop off location p;.e with respect to the
next pick-up. We would use Equation (3) to calculate the
attractiveness a(p;.e) of drop off location p;.e with respect
to the next pick-up. In Equation (3), xj, is the score of road
segment 7. The drop off location of each occupied path p;
would have a significant impact on whether the taxi driver
could pick up a profitable passenger quickly in the later deal
or not. Therefore, the drop off locations are better, the score
of r; is higher.

a(pj.e) = Y w(d(pj.e,ry))a

rr€E

3)

In Equation (3), w(d(pj.e,rt)) is the weight of xj cor-
responding to the distance d(p;.e,ry) between p;.e and 7.
We use the following Equation (4) to get w(d(p;.e,rr)). In
this paper, dj;,, is set to 3km.

1 d(pj.e,r) < diim

“)
0 d(pj.e, T‘k) > djim

w(d(pj.e, k) = {

In order to simplify the calculation, we use an approxima-
tion d(p;.e, ry) to substitute d(p;.e, 7). As show in Fig. 4,
pj-e belongs to road segment 7,. We would like to say that

d(pj.e,rk) is the minimum value among d;, ds,ds and dy,
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Fig. 4. Distance between p;.e and 7,

which is illustrate in Fig. 4. In this way, we could calculate
d(pj.e,ri) throuhg Equation (5).

d(pj.e,t) = cf(pj.e,rk) =min(dy,ds,ds,ds)  (5)

We use P = {p;} to represent the set of occupied paths
that belongs to a certain time interval ¢. For a road segment
r;, we denote the score by z;. The score of each road segment
at a certain time interval can be calculated by Equation (6).

Y [af(pi) + Balpj.e))

Xr; =

(©6)
= > laf(p) + 8 wld(pj.e,ri))a]
f’ji}ii ry€E

The first part of Equation (6) represent the total income of
road segment 7;. The second part of Equation (6) represent
the attractiveness of drop-off location with respect to the next
pick-up. The parameters « and /3 are coefficient of each part.
In this paper, we set o and /3 to 0.5.

Let P, = {pj|lp; € P,p;.s € r;} be the set of occupied
paths which start from 7;. Then, we can simplify Equation
(6) to Equation (7) where w,, ..x = w(d(p;.e, 1))

mi=a Y flp)+B8 Y, Y wyentar (D

p;EP; p;EP; r €

If Equation (8) is satisfied, z; would be convergent ac-
cording to the theorem of linear equations.

B Z Z ij.e,k: <1 (8)

p;EP; reE

Let X = [71,...,%,..., 2|z be a vector of the score
of every road segment. Then we could get a system of
linear equations from Equation (7), which can be solved by
generalized minimal residual method (GMRES) [16].

VI. RECOMMEND A PROFITABLE CRUISING ROUTE
USING SKYLINE COMPUTATION

After the taxi driver drop off a passenger on location L,
at time 7, he/she would need a route to cruise in order to
pick up next passenger. In this section, we demonstrate how
to get a profitable cruising route for taxi driver based on the
score of each road segment in a certain time interval.

We could get the score of each road segment in the time
interval ¢ using the method we proposed in section IV,
where T, € ¢;. In this case, a profitable cruising route is
equivalent to a max-score cruising route. In other words,
we would recommend a cruising route ¢, starting from
r. (L. € r.) to taxi driver which has maximal score while
Smaz-l < liim. We use j;,, to denote the length limit of a
recommended cruising route and we set it to 3km in this
paper.

In the following, we give the formal definition of max-
score cruising route. We use ¢.x to denote the score of a
cruising route .

Definition 8 (Max-Score Cruising Route (MSCR)): Given
the current location L. and time 7, of a taxi driver where
L.e€r.and T, € ¢, we would recommend a cruising route
Smaz = {Tey ey Tiy .., T } fOr taxi driver which has maximum
SCOe Sz = Y i x; under the limit of Gap.l < ljjm.

The max-score cruising route problem is NP-complete. We
proposed an heuristic algorithm which is show in Algorithm
1 to solve this problem. In Algorithm 1, we use skyline
computation to reduce the search space. The method of
skyline computation is adopted by [4] [5] [6].

Algorithm 1 Max-Score Cruising Route (MSCR)
1: Input: The score vector of all the road segments X =

{.’El,

segment 7.

7xz‘7~~~$\|E||}, Length limit [;;,,, Current road

: Output: The max-score cruising route G,,qz
: Smaz < [re)

: 68 ¢ [Smaz]s S5+ [ ]

: while ¢s # ¢s do

for each route ¢ € ¢s do

2

3

4

5

6:  ¢54—¢s
7

8 for each subsequent road segment ¢.sub of ¢ do
9

0

S slUrsu
1 if ¢ <, then
11: s+ <sJ<¢
12: delete ¢ from ¢s
13: end if
14: end for

15:  end for
16:  if ¢; dominate g;, where g;,<; € ¢s then

17: remove ¢; from ¢s
18:  end if
19: end while

20: find the max-score cruising route G,,q, € GS
21: return G,,qx

Definition 9 (Cruising Route Dominance): Let ¢s =
{1, sSis s Sjs oy S b denote a set of cruising routes. Each
of these cruising route can be described by two dimensions
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r's subsequent road segment

Fig. 5.

Gi = (si.l,g.x). We define that ¢; dominates ¢; iff the
following cases happens: (1) ¢;.x > ¢;.¢ and .0 < ;.05
(2) si.x =gj.x and .0 < g;.l.

The pseudocode of calculating the max-score cruising
route problem is given in Algorithm 1. Let X be the score
vector of every road segment. We initialize ¢4, to r. and
GS tO Gpaz- SS 1S a set of cruising route and s is a buffer
used in Algorithm 1.

This algorithm is iterative. In each iteration, we get a copy
of ¢ and put it in ¢s. For each route ¢ in s, if the length
of ¢ plus the length of one subsequent road segment of ¢ is
less than [;,,, then we would put the new route ¢ into <.
Once a route ¢ is added to ¢s, we should delete the route ¢
from ¢s.

Fig. 5 illustrate the procedure of constructing ¢ from . We
assume that ¢ = {re,......,r;}. Then, the last road segment
of route ¢ is r;. From the digraph G(V, E), we can find
the subsequent road segments r;.sub of r;. We would like
to proclaim that the subsequent road segments ¢.sub of ¢ is
equivalent to r;.sub.

Some routes from ¢s are discarded in line 16 using
skyline computation. It discards some routes in ¢s which are
dominated by another route in ¢s. According to Definition
9, we can find out whether ¢; is dominated by ¢;, where
Gi»Sj € ¢s. Such iteration is repeated until no extra route is
added to ¢, i.e., s = ¢s. Then, we can get the score of
all the cruising routes in ¢s and find the max-score cruising
route Gpqz € SS.

VII. VALIDATION
A. Experiment Setup

In this paper, we regard the data from Nov. 1st 2012
to Nov. 20th 2012 as the training, and use the data from
Nov. 20th 2012 to Nov. 30th 2012 for testing. There are
400 thousands occupied paths between 8:00 and 10:00 from
the training data set. We would use these occupied paths
to calculate the score of each road segment. There are a
large amount of road segments which pick up less than one
passenger in one day between 8:00 and 10:00, and we set
these road segments’ score to zero. The digital map of Beijing
has 49,122 road segments, and 5,212 road segments’ score
would not be zero.

B. Performance Comparison

Fig. 6 shows the importance of drop-off locations. There
are 20 occupied paths start from road segment 1 (r1.wid =

Y ‘J

1
road segment r.wid = 30762{

|

road segment r-.wid = 21493

Fig. 6. The importance of drop-off locations
0.007 . .
— ground truth
— MSCR
o 0.006
o
=
=
S 0.005
=
[¥)
=
2
C 0.004 |
K]
El
=l
5 0.003
°
o
2
= 0002
Q
[]
o
<
Q. 0.001f
0'0000 56 160 150 260 250 360 350 400
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Fig. 7. The distribution of taxi drivers’ income

30762) and ro (ro.wid = 21493). Almost all the occupied
paths which start from r; head towards suburb. Most of the
occupied paths which start from ro head towards downtown.
We can tell that the drop-off locations of occupied paths
which start from 75 is better than r;’s. As well as that the
total income of ry is similarly to ry. Therefore, the road
segment 7o is better than road segment ;. In conclusion , it
is necessary to consider the importance of drop off locations
which lead to that ro’s score is much higher than r;’s.

We can get the occupied paths between 8:00 to 10:00 from
the testing data set of each taxi. Then, the income of each taxi
can be calculated and the probability distribution function
(pdf) of ground truth is show in Fig. 7. We compare the
proposed MSCR with ground truth to validate that our system
indeed improve the income of taxi drivers. We first find the
cruising location L. and time 7, of each taxi which starts
cruise near 8:00 each day. Then, We could recommend a
cruising route G,,q, to this taxi. We assume that the taxi
would pick up a passenger in the road segment 7,,,, Which
has max score in ¢,q,. There are several occupied paths
which start from 7,4, and we would randomly select one to
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give the taxi driver. It is worth mentioning that we would add
5 minutes in each deal for punishment. We use the drop off
location and the time interval of the selected occupied path
plus T, as the next cruising location and time, respectively.
This procedure would continue until the time is later than
10:00. We could get the income of each taxi which follows
our recommended cruising route and also plot the pdf in Fig.
7. From Fig. 7 we could see that our system could make the
taxi drivers earn more money compared with ground truth.

VIII. CONCLUSION

With the availability of large-scale real-world GPS data
set, we can better understand our city and dig up some
useful information. There is a survey [2] which summarize
the previous research work using the massive GPS data set.
In this paper, we construct a system for the taxi driver to
find a profitable passenger using historical data set generated
by 12,000 taxis of Beijing in November 2012. We use a
system of linear equations to calculate the score of each
road segment.We first consider the importance of drop-off
locations of every occupied paths which start from one road
segment.

Many taxi drivers are begin to use the taxi booking apps
(such as Kuaidi Dache or Didi Dache) to find passengers
nowadays. With the use of taxi booking apps, the locations
of currently waiting passengers is known in advance. When
there are several waiting passengers called through the taxi
booking apps, we can recommend a taxi driver to pick up
a passenger based on the distance to that passenger and the
drop off location of the deal. However, it is more practically
to recommend a waiting point for the taxi drivers when there
are no passenger is called through the taxi booking apps.
The taxi booking apps become more and more popular which
makes the passenger-finding strategies changed dramatically.
In the future, we will study the passengers-finding strategies
combine large-scale real-world GPS data set and taxi booking

apps.
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