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ABSTRACT:

It is believed that the routes chosen by taxi devere more reasonable than regular drivers, amdlyhamic navigation based on
real-time traffic information is not mature both the software and hardware fields, and the read-tolata acquisition, data
processing and communication need to be improved short-term traffic forecast in large area i stit accurate enough to route
planning. So, it is important to plan the routengsitaxi drivers’ experience and knowledge. This grapstablishes a taxis’
experience knowledge model (TEKM) based on anatyhiistorical floating car data (FCD) and taxi dr/gplanning route rules.

The road network is classified into different expece levels network, and a new route planningrétyo is proposed based on
TEKM. In the end, we conducted 350 experiments with road network and historical FCD of Wuhan, aochgared the TEKM

with the traditional shortest path algorithm. Tlesults show us that the routes planed by TEKM aseernoherent and consistent,

and that the travelling time can be reduced.

1. INTRODUCTION

In recent years, with the social and economic dgpraknt, the
amount of the motor vehicles increases rapidlyn3partation
problems are becoming increasing seriously espga@atch as
traffic congestions, traffic accidents and the totsf between
the roads and the vehicles (Mcqueen, 2002).

The existing route planning methods generally témdfind
shortest distance (Fisher, 1990; Lu, 2001; Cherkad$96) or
the shortest time (Lu, et al,1999), and some sch@anducted
some research to find solutions when considering tirn
penalties and prohibitions conditions (Han, et2002; Ren, et
al., 2004; Zheng, et al.,2004). To meet peoplematel, some
navigation systems propose some routing strategjieh as
highway priority, freeway priority, and minimum e
expenses. Hector Gonzalez presents a self-addpstest path
algorithm capable of efficiently accounting for iorpant
driving and speed patterns using historical traffiata
(Gonzalez, Han & Li, 2007).

All existing researches few care about people’'siitam, while
people’s subjective consciousness of choosing mdags an
important role in route planning which is generatexn long-
term travel activities and experience. It is bedigvthat the
routes chosen by taxi drivers are more reasonatiefeasible
than the public. At present, dynamic navigationedasn real-
time traffic information is not mature both in teeftware and
hardware fields, and the real-time data acquisitiolata
processing and communication need to be improved short-
term traffic forecast in large area is still notaate enough to
route planning. So it is important and potential feople to
daily travel using the taxi drivers’ experience &ssisting route
planning. This paper establishes a taxis’ expeddamwledge
model (TEKM) based on analyzing the historical FQdl ¢ghe
taxi drivers’ route planning experience and cognitiBased on
this model, the road network is classified into fatfiént
experience levels network, and a new route planalggrithm
is proposed which is based on TEKM.

2. TAXIS' EXPERIENCE KNOWLEDGE MODEL FOR
ROUTE PLANNING

2.1 The taxis’ cognition for road choosing

When travelling, people generally choose the skorpath,

whereas the taxi drivers do not. They will chodeeitleal route
according to their own routing experience and ctgmi

generated in the long term driving activities. Toeting rules

are based on the following observations:

@ Taxi drivers are familiar with the traffic conditis, which

make them that they can easily avoid the congesémtions
during traffic peak hours, though the route planisd taxi

driver is not the shortest one, the travelling ticae be reduced
significantly.

@ Taxi drivers usually choose higher level roadgha road

network, except that the traffic volume of thesad®is high or
there are low-level roads with significant advaesgver the
high ones, which make that the route planned biydexer is

coherent and consistent.

® Taxi drivers have less probability to choose the-af-the-

way and remote road sections with poor availahilithile the

route planning with the traditional shortest pathodthms is

not well controlled, and sometimes the route sestiare too
narrow or poor traffic environment, which make ttia¢ route
planned by taxi driver can avoid these problems.

2.2 The framework of Taxis’ experience and knowledge
modeling

This paper establishes a taxis’ experience knoveedmdel
(TEKM) for public route planning, which is not onligking into
consideration the route distance, but also theeliiag time and
the taxi drivers’ experience and cognition, Thenfeavork is
presented in Fig 1.
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Fig.1. Steps of taxis’ experience and knowledgeetimg

@O TEKM Acquires the road network average speed ded t
time when the floating car passing by the road ssgmand
obtains the historical traffic state in specifimé of day by
analyzing and processing historical FCD.

® TEKM Obtains the floating car passing times by thad
section by statistic and analyzing the historic&DF and
establish the road experience grades classification

(3 Based on the historical traffic state and the reukrience
grades classification, TEKM establishes the taxiveds’
experience and knowledge routing model.

@ According to the taxi drivers’ experience knowledgodel,
this paper proposes a new route planning algoritbirguide
public route planning.

2.3 Taxis’ experience knowledge model

2.3.1 The floating car passing time and average passing
speed in the each road sectioms the floating cars usually
run the whole day and have a high coverage of ityercad
network, it is believed that it would be accuraieestimate the
average passing speed and passing time on eaclsegatnt
in specific time section by analyzing the historidgCD.
TEKM acquires the average passing speed by suminmatize
amount of the vehicles and summarizing each flgatar
speed on the road section. It means that the readage
passing speed of the whole vehicles on the roatheegi in
specific time period t, which can be showed by daihg
equation 1.
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2.3.2 Road network division: Urban roads is generally
divided into highways, main roads, sub-trunk roaslig, roads,
but such road network classification is not pradlycuseful for
guiding route planning. Some scholars have condustame
research on floating car data to reveal time sphstibution
characteristics of the road network (Xin, Chen & ,L2008).
Inspired by these studies, this paper analyzeshtbrical
FCD and summarizes the amount of average float @ssipg
times on each road segment. Based on the frequiirisyaper
divides the road network into several high or loxperience
grades.

Usually there are two sampling modes of collec#H@pD, one
collecting FCD mode is by interval time, and theeotis by
interval distance. As the sampling result is affdcby the
length of road segments and the road traffic caomit the
distribution of the amount of sample FCD on eachdroa
segment is not balanced. It is accurate to summdhia float
car passing times on some road segment after nésgveach
floating cais route, whereas the complexity of the algorithm is
highly increased. In this paper, in the conditiénhat there are
large sample FCD, we use statistical methods toyamahe
historical FCD which is up to the probability dibution in
statistics. When the sampling mode is time dependie
average floating car passing time on road segmémttime
periodt can be computed by the equation 3:
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Where A T s the samplingime interval, T; is the experience

passing time on the road segmenﬂi,(t) is the amount of the

sample FCD,N, (t) stands for the average float car passing
times on the road segmaerit time period.



Though there are great differences in road netwdvision

between different regions and countries, the roamvork is

generally classified into four to six grades inigas standards
and specifications. In this paper, by taking thdlofeing

logarithmic model, the roads are classified intghhbr low

levels based on the passing frequency of the figatar in each
road section.

C,(t) =logh® (4)

Where a is a parameter that controls the grades of thd roa

network division and should be appropriately seatoading to
real conditions Generally the road network is diddnto four
to six levels, different kinds of roads will not beotably
classified and the model accuracy will be redudetd grades
are too small or too large. Suppose the largestgeefloat car
passing times of all the road segments in some pien@d is M,
the road grades wanted to bea is supposed to be set with
1

a=M'2 i s because in logarithmic model, when the base

number is small, increasing with the amount of shenpling

FCD, the model value increases fast, and sometioras soad
segments with little difference can be divided imifferent
levels. One solution is that first the roads issited into L+2
grades according to the original model, and thenedwith
some merging operation. In this paper, the roadevefl 1 and
level 2 are merged into the first grade and levahd level 4
ones are merged into the second grade, and themo#us
network is reclassified into L grades. This metluach better
divide the road network.

Due to the traffic volume in each road segmentesgdver the
time period, and the road congestion degree dutaygis also
different from the night, the taxi drivers’ choiosill be
adjusted accordingly. The road network hierarctat thuilt by
the driving experience and knowledge will also bmrged
from day to evening.

As the sample amount of the FCD in each road segisent
closely related with the time, it is important &ke the time
factor into consideration. According to the peopléaveling
rules and the features of traffic condition, thippr uses 2
hours as a time interval and divides all day int® time
sections. The specific division is as Tab 1:

Tab. 1 Traffic period division of the whole day

Time section(t) 1 2

3 4 5

Time interval 1:00—3:00 3:00—5:00

5:00—7:0

7:00060: 9:0—11:00

When we perform experience classification of cityad
network according to eq.4, we can find that there few
samples (Fig.2 (A)) collected by floating car inogier road
sections or at some intersections due to shorssipgtime on
these roads and adjacent road sections’ road leveiot

floating car sample data quantity of adjacent reections. The
processed floating car data can reflect the agassing times
of car in every road section more accurately. Tiablem that
there are usually short of sample data in someteshoyads or
at some intersections can be solved. This solutiam also
restore road section’s real experience level sbitlraaintains

continuous. So we adopt a smoothing method to balan the consistency and coherence of adjacent roassct

/

— 09

— 981

R, ——s81243
— 243729
— 7292187

— 3187-10000

—05
—581
——81-243
— 243-728
— 729-2187
— 3187-10000

Fig. 2 Classification of the “éxperienced levelsaine intersection. (A) the classification resulingsthe direct method, (B) the

classification result using the smoothing method

We can obtain Wuhan City's traffic road experienesel
network according to eq.4 by taking advantage atahnical
average passing times of road section when we sqtial to 3
and t equal to 4. As is shown in Fig.3, road expere level
network which is classified on the basis of flogtigar's
occurrence frequency on every road section caereiiintain
the figure of Wuhan City's traffic artery and alseflects
accessibility situation of road to a certain extent

2.3.3 Taxis’ experience knowledge modeling
When routing, common people often pay more attentm
some factors such as the route distance, traveliing, road
grades, traffic conditions, travel dispense, emuinent
surrounding with the roads and other conditionsenghs the
taxi drivers will take into consideration all thefsetors overall
and form their own subjective routing

cognition.

Comprehensively considering the travel time and digiance
as well as the most taxi driwerrouting cognition and rules,
this paper establishes an experience and knowiedge!.

RoutePlane(V, E) = E[T(t), S,C(t)] (5)

Where S is the trip distanc@(t) is the travel time in specific
time period,C(t) is the average experience grades of all the
road segments during the trip. It is describediadirfg the
minimum value of the routing functio&[T(t), S, C(t)] and

RoutePlane(V, E) is the best route.
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Fig. 3 Experience levels of Wuhan road networktiiar period 7:00—9:00 A.M.

3. ROUTE PLANNING BASED ON TEKM

3.1 Experience knowledge value of road section

The experience knowledge model based on taxi driver
experience comprehensively takes into account tfaetrs:
path length which is most considered about, avepagsing
time and the road experience level. This papereptssa
unified description of these factors by using eigrere
knowledge value of road sections. The experiencevietdge
value of road section in city road network is deflnas the
following equation 6:

B, () 1, (8
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In the equation 6? is the experience average passing time,

@ is the length of the road section, a@ is the road
experience level. And average passing time, patbtie road
experience level should be non-dimensionally noizeell
BB, By . .

s , respectively affects the importance of these
three factors to the experience knowledge valueazh road
section.

For the road segment length and the experiencagegrassing
time, we adopt the same non-dimensional normatimati

approach. Road segment length can be non-dimensional

normalized by the following equation:

__ L (7)
' Min(S)

Where Min(S) is the total length of the shorteshp#@verage
passing time of road section i can be non-dimemdion
normalized by eq.8:

_ T
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Where Min(T) is the passing time of the fastesthpttat
computed based on the experience average passiegftieach
road section.

Road experience level can be non-dimensional naretlby
the following equation:

log"®

IOgLI:/Iax(n)
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Where Max(n) is the maximum average floating casspay
times of all the road sections in a given time rvaé For

W (t .

'( ) ) 111, Ha , H are the coefficients of each factor,

however, the actual coefficients that influence éxperience
L T e Y

. . . B
3 s defined as the index ratios of
l’J’2

model are™s and s .

distance to experience level, ahd is defined as the index

ratio ! of passing time to experience level. In orderaket
into consideration of the influence degree of vasidactors to

route planning and route choice, the sumBéf and B‘ should

be 1. As a result, the number of factors whichuierfices the
weight of each road section can be reduced, wisithd index
ratio of distance to experience level or the indeko of

passing time to experience level. So the weighhita of road
section can be simplified as equation 11 or 12:
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if 1> Mo
L]'3 U3
otherwise, it is a time priority strategy.

, it is a routing strategy of distance priority,

3.2 Arroute planning algorithm based on TEKM

After setting the corresponding weights for roactisas of the
urban city network according to the weight formulae

propose a route planning algorithm based on expegie
knowledge model and establish an objective equaiforoute

planning algorithm. This algorithm based on experée
knowledge of taxi drivers’ experience and cognitids

contributed to route planning for other vehicleheTroute

planning arithmetic operators based on experiemmviedge

can be described as equation 13:

Dest(t) = ZN:Wi(t) N

5[5 70, gy 8
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The process of route planning based on experiencwlkdge
of taxi drivers is a process of seeking the minimumte

(1-B,) (10)

planning arithmetic operatoPeSt(t) is defined as the average
road weight of all the trip, it can be obtained dajculate the
average weight of all the road sections. At theeséime, the
process of route planning based on experience laugel of
taxi drivers is a process of seeking a route whiems the
minimum average road weight of the found trip betwerigin
and destination. When coding, we can establistdéseriptive
structure of the road point (RoadTopoPoint), thedrtopology
(RoadTopology), and the road experience knowleddaeeva
(RoadExperience) as following:
Struct RoadPoint
{
long RoadPointlID;
double PointX;
double PointY;

/* the id of the road pofht
[* the X of the roadipo*/
[* the Y of the roadipo*/

Struct RoadTopology
{
/* the id of thead */

/* the star point of
the road topology */
RoadTopoPoint EndPoint;  /* the end point of
the road topology */

[* the lengfttie
road section */

long RoadID;
RoadTopoPoint StarPoin

long RoadLength;

Struct RoadExperience

{
long RoadlD; /* the id of the road *
long AverageSpeed; /* the average spéed
the road */
long PassingTime; /* the passing tirhe o
the road */
int ExpelLevel; /* the experieneed| of
the road section */
}

4. EXPERIMENT AND ANALYSIS

This paper adopts Wuhan City’s traffic navigatiogi@il map
(scale is 1:1000) as basic experimental data. ®ad network
contains 11,598 road sections and 8,471 nodeshiEterical
floating car data is the GPS sampling data of @0 taxies
in December 2008. Sampling model is time dependadtthe
sampling time interval is 40 seconds. This papeoosbs
C#.net as developing tool and ArcGIS 9.2 as GISqiat to
conduct route planning experiments. It finishes #&tkes and

with the index ratioBS of road distance to experience level as
1and? as 3. we compare the route planning algorithmdase

on TEKM with the classical shortest path algoritrend the

statistical analysis and comparison results is shiowTab. 2.

The results show that the route length which iswdated by

TEKM algorithm increases by about 4% comparing he t
shortest path algorithm, while the passing time latobe

reduced nearly one quarter (24%), and the road riexme

level increases 16%. The average road weight nagap

reduced to 17%. That is to say that the route femgtich is

planned by TEKM doesn’t increase sharper than thger
which is planned by the classical shortest patbrétgm, while

the travel time can be reduced to a large extehth@& same
time, the route planned by TEKM can effectively iavooad

level's dramatic changes comparing to the routarmd by the
shortest path algorithm, which make that the rgutentains

road level's consistency and coherence more rebtoaad is

more accordant with people travelling habits ambgaition.

We randomly selected six discrete target pointscwhare
marked with stars (As shown in Fig.4). This expefin
respectively adopted the traditional shortest @égorithm and
TEKM route planning algorithm that is based on eigee
knowledge to plan routes between every two targettg, and
compare two routes obtained separately by two dlgos. The
red path is the route calculated by route planraigprithm
based on TEKM, and the green one is calculated hay
traditional shortest path algorithm.

We obtained 15 routes which are accessible patirgeeba two
of the six target points that are planned by TEKIgodthm
and the traditional shortest path algorithm, anchgared four
indicators: road length L, passing time T, averagperience

level m

weight Dest(t) , the results are shown in table 3.

—

which can be calculated by eq.4 and average road



Tab. 2 Comparing the TEKM algorithm with the shettgath algorithm

Increase range of route | Decrease range of passing Increase range of road Decrease range of
length time experience level average road weight

4% 24% 16% 17%

Legend

A * OD points
Shortest path
=== Proposed path

Fig. 4 Comparison of the routes with differentalthms

Tab. 3 Comparison of the 15 routes

yf 0D Shortest path algorithm Proposed algorithm

N L T Ct)  Dest(t) L T Clt) D=0

1 122 92204 12970 3.7 1.6 9611.9 10042 43 1.3
2 1>3 173344 65694 4.1 2.2 18265.8 21225 4.8 1.3
3 1»4 96121 2197.0 4.4 15 10039.2 16851 4.5 1.4
4 15 101807 16501 35 1.7 10632.3 11709 3.9 1.4
5 126 217841 40799 3.6 1.7 227738 28257 46 1.3
6 223 95423 1665.4 4.6 1.3 9717.7 13452 4.9 1.2
7 2>4 179977 32033 4.1 15 19291.8 21473 43 1.4
8 2-5 178453 22309 38 1.5 18266.7  1939.6 4.2 1.3
9 226 135459 29979 33 1.8 142256 20483 4.7 1.3
10 34 214736 33734 4.2 15 220423 26650 45 1.3
11 3-5 257223 82103 4.1 2.0 269206  3057.9 4.6 1.3
12 3-6  9377.0 14425 4.1 1.5 9450.3 1186.0 4.2 1.3
13 4-5 172222 27859 2.8 2.1 17980.5 20282 4.1 1.5
14 46 241873 44094 33 1.8 265234 33802 4.4 1.4

15 5-6 307042 48125 3.8 1.6 314286 37610 45 1.3




5. CONCLUSION

It can obtain the taxis’ experience and regulatiofisoute
planning by analysis the historical traffic datallected by
floating cars, based on this principle, this papesposes a
taxis’ experience knowledge model (TEKM) for roptanning,
and established a route planning algorithm basedBKM.

With the Wuhan city’s traffic network and floatingar data,
this paper perform350 route planning experimente Tesult
shows that the route length which is planned by VE#oes
not increase sharper than the route which is plarine the
classical shortest path algorithm, while the tramle can be
reduced to a large extent. At the same time, thigerplanned
by TEKM can effectively avoid road level’'s dramatibanges
comparing to the route planned by the shortest plaghrithm,

which make that the route maintains road level'ssistency
and coherence more reasonable and is more accondémt
people travelling habits and recognition. Due te thmited

information of floating car data, some factors whimay
influence model such as different region’s occupsl

characteristics (for example, Wuchang District ofivein City
is an education area, while Hankou District is anoeercial

district) and travel costs are not taken into aato&o, these
questions need further study.
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