Adaptive Nearest Neighbor Queries in Travel Time
Networks

Wei-Shinn Ku, Roger Zimmermann, Haojun Wang, and Chi-Ngai Wan
Computer Science Department
University of Southern California
Los Angeles, California 90089
USA

fwku, rzimmerm, haojunwa, cwang@usc.edu

ABSTRACT

Nearest neighbor (NN) searches represent an importarg ofas
queries in geographic information systems (GIS). Mostesareigh-
bor algorithms rely on static distance information to cotephN
queries (e.g., Euclidean distance or spatial networkiiiga How-
ever, the nal goal of a user when performing an NN search is of
ten to travel to one of the points of the search result. Inc¢hise,
nding the nearest neighbors in terms of travel time is mare i
portant than the actual distance. In the existing NN alporé dy-
namic real-time events (e.g., traf c congestions, detpats.) are
usually not considered and hence the pre-computed neaigét-n
bor objects may not accurately re ect the shortest travakti In
this paper we propose a novel travel time network that iategr
both spatial networks and real-time traf c event infornoati Based
on this foundation of the travel time network, we develop @ale
based greedy nearest neighbor algorithm and a global- zaizes
tive nearest neighbor algorithm that both utilize realetitraf c in-
formation to provide adaptive nearest neighbor searcHtsesive
have performed a theoretical analysis and simulationsriéaur
methods. The results indicate that our algorithms remdykah
duce the travel time compared with previous nearest neigbio
lutions.

Categories and Subject Descriptors

H.3.3 [Information Storage and Retrieval]: Information Search
and Retrieval-Search ProcessH.2.8 [Database Managemerit
Database Application-spatial databases and GIS

General Terms
Algorithms
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Nearest neighbor query, travel time network, locationedaser-
vices, advanced traveler information systems.
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Nearest neighbor (NN) queries are of signi cant interestep-
plications that work with spatial data. A sample query cduddo
“nd the nearest gas station from my current location.” Roexs
work [12, 6] has resulted in ef cient techniques to computi N
queries in Euclidean space. More recently, novel algostfim15,
11] have been proposed to compute NN queries in spatial mkeswo
These methods extend NN queries by considering the spatial n
work distance, which provides a more realistic measure fiptia
cations were objects are constrained in their movementaeker,
these existing techniques only consider static modelsatfalmet-
works: pre-de ned road segments with xed road conditiome a
used in computing nearest neighbors. Thus, any real-tiraetsv
(e.g., detours, traf c congestions, etc.) affecting thatid net-
work cannot be re ected in the query result. For exampleaadr
jam occurring on the route to the computed nearest neighlost m
likely elongates the total driving time. More drasticatlye closure
of a restaurant which was found as the nearest neighbor rengint
invalidate a query result. This motivates the need for neyo-al
rithms which extend existing NN query techniques by intégga
real time event information.

Recent advances in personal locater systems (e.g., GR8}), wi
less communication technologies (e.g., 802.11x), and-foepeer
networks (P2P) have created an innovative environmentttuats
the exchange of real time traf ¢ information between peeBs:
leveraging ad-hoc networks, traf c information can be sthin a
P2P manner among mobile hosts (MH) and thus local traf ¢ in-
formation (e.g., driving speed of vehicles) can be considevhen
computing NN queries. Furthermore, cellular communicato-
ables remotéraf c information server(TIS) access such that col-
lecting and disseminating traf ¢ information for a much wichrea
becomes possible.

In this paper we propose two novel adaptive nearest neighbor
query algorithms which incorporate real time traf ¢ infoation.
Compared with existing work, our design leverages the coniimu
cation among mobile hosts and traf ¢ information serveradap-
tively compute more accurate nearest neighbor results cohigi-
butions of our work are:

We introduce the concept tfavel time networkgTTN). A
travel time network integrates the real time traf ¢ informa
tion with a static data of a spatial network. The length oteac
edge in the travel time network represents the driving tifne o
each road segment. As a result, NN queries are computed on
travel time networks more realistically than on spatialdroa
networks.

We propose a Local-based Adaptive Nearest Neighbor query
algorithm (LANN). LANN utilizes the peer-to-peer commu-



nication model to frequently update the travel time network
on each mobile host. The LANN algorithm incrementally se-

2.3 Inter-Vehicle Communication
Inter-vehicle communication (IVC) enables a vehicle (ated i

lects the road segments to the nearest neighbor based on theyriver) to communicate with other vehicles (and their drsyeex-

most current instantiation of the local travel time network
At each step local traf ¢ information is collected to select
the best road segment leading toward the nearest neighbor.

We also propose a Global-based Adaptive Nearest Neigh-

bor query algorithm (GANN). A traf ¢ information server

is used to aggregate and maintain valid traf ¢ events. Mobil
hosts access and retrieve traf ¢ information and constauct
global travel time network. Nearest neighbors are computed
in a best- rst manner on this global travel time network.

We report experimental results based on a simulated travel

time network environment.

The rest of this paper is organized as follows. The relatedkwo
is described in Section 2. In Section 3 we de ne the the tréed
network and introduce the LANN and the GANN algorithms. The
experimental validation of our design is presented in $acti We
discuss the conclusions and future work in Section 5.

2. RELATED WORK

In this section we review previous work related to Eucliddin
tance nearest neighbor queries (Section 2.1), spatialonketais-
tance nearest neighbor queries (Section 2.2), and intecleecom-
munication (Section 2.3).

2.1 Nearest Neighbor Query Processing in the
Euclidean Space

The R-tree algorithm and its extensions [5, 14, 1] are very po
ular index structures for spatial query processing in thelitlean
space due to their ef ciency and simplicity. To nd nearesigh-
bors, Roussopoulos et al., [12] proposed a branch-andebalgio-
rithm that searches an R-tree in a depth- rst manner. A lbrest-
NN algorithm [6], proposed by G’sli et al., keeps a heap i
entries of the nodes visited so far and the algorithm alwagareds
the rst entry in the heap. The best- rst NN algorithm is opti
mal, because it visits only the necessary nodes for obtaméarest
neighbors. Furthermore, the algorithm reports neareghbers in
ascending order according to their distance to the quenyt aoid
can be applied under conditions without knowing the nunkbef
queried nearest neighbors in advance.

2.2 Nearest Neighbor Query Processing in the
Spatial Network Space
Several spatial network nearest neighbor query methods hav

changing real time information, such as road conditionaf ar
speeds, and weather hazards. Bene ting from the power ¢apac
ties of vehicles, the nodes of these networks can have aaihirtu
unlimited lifetime.

There are many previous studies about the Media Access Con-
trol (MAC)/Physical (PHY) layer [10, 8] and network layergbo-
cols [16, 3] for inter-vehicle communication. Considerthg inter-
vehicle communication at a relatively short range and lost,00tt
et al. [10] proposed the use of IEEE 802.11 networks for sendi
and receiving high data volumes between vehicles movingfatd
ent speeds. They demonstrated their concept with a singksac
point with an estimated reach of 200 meters in diameter. Phed
limit for vehicles under this model is able to reach 120 kmii.
contrast, the infrastructure mode of a cellular-based odt\{such
as utilized by the OnStar servigdinks the vehicle and driver to the
base station with a much longer communication range. Bygiate
ing with the Global Positioning System (GPS) system, thisleho
enables a centralized server providing location-basedcss.

The design of communication protocols for IVC is very chal-
lenging due to the variety of application requirements dadtight
coupling between an application and its supporting prdsofg].
Therefore, there are several very recent research pramath as
FleetNet and CarTALK 2008) investigating next generation IVC
protocols and technologies.

3. SYSTEM DESIGN

We outline our system architecture in this section and pepo
two adaptive nearest neighbor query algorithms: Locatbasiap-
tive nearest neighbor query (LANN) and Global-based adepti
nearest neighbor query (GANN). LANN follows the peer-t@pe
model and provides incremental results for navigating ailmob
host to its nearest neighbor. In contrast, GANN employs graf
Information Servers and mobile hosts can access traf crinée
tion of a larger district. The system infrastructure andieggtions
are explained in Section 3.1. Next, we introduce the conoépt
travel time networkn Section 3.2. Travel time nearest neighbor
queries are discussed in Section 3.3. We propose the lasakb
adaptive nearest neighbor query algorithm in Section 3.daf-T
¢ event collection and distribution via TIS is illustrated Sec-
tion 3.5. Section 3.6 covers the design of the global-badagtave
nearest neighbor query algorithm.

3.1 System Infrastructure and Assumptions
Figure 8 illustrates the system infrastructure of our desig/e

been proposed in recent years. Huang et al. [7] proposed-an al are considering mobile hosts with abundant power capasiiyh

gorithm to integrate spatial and connectivity informatiomheir
approach utilizes thematic spatial constraints to respecmitted
paths, but it is inapplicable to general query processirgy,(aear-
est neighbor queries). Shahabi et al. [15] proposed a method
perform nearest neighbor queries in road networks by toamshg
the problem to high dimensional space. However, theseisnkut
only extend nearest neighbor queries into the spatial mtagace
with no consideration of traf ¢ conditions. As an extensiofhNN
queries in the Euclidean space, Papadias et al. [11] prd@sén-
cremental Euclidean Restriction (IER) algorithm to solve prob-
lem of nding nearest neighbors in spatial network databagaur
design extends IER to compute nearest neighbors withirrévelt
time network. We review the IER algorithm in Section 3.3 doe t
its relevance to our design.

as vehicles, that are equipped with a Global Positioningebys
(GPS) for obtaining continuous position information. Irdéibn,
mobile hosts also maintain the road network data and thefset o
points of interes{POI) in local memory (for example, stored on

a CD). The road network data (e.g., the US Census TIGER data
sef) covers the road segments of highways, primary roads, rural
roads, etc. These different road types are de ned as road el
tributes in the TIGER data set. Since this road class attitoes

not convey the speed limit information, we de ne a xed speed

http://www.onstar.com/

2http://www. eetnet.de/
Shttp://www.cartalk2000.net/
“http://www.census.gov/geo/www/tiger/



limit for each road class (e.g., 65 mph for highways). Furthe
more, we assume that two tiers of wireless connections ai¢ av
able on each mobile host. The cellular-based networks (asch
utilized by the OnStar service) allow medium range conoesti
to base-stations that interface with the wired Internetaistiuc-
ture. A second type of short-range ad hoc communicatioropods
(e.g., IEEE 802.11x) are also supported to communicate dmtw
neighboring peers. Mobile hosts can either broadcast stg|wé
traf ¢ information to peers within the communication rangiecal
solution) or send requests to the traf ¢ information serdiectly
(global solution). Currently there are many real-time tr&vent
providers (e.g., California Highway PatPpSIGALERT.com real-
time traf ¢ informatiorf, etc.) which supply traf ¢ information of
many urban areas. These web sites can be easily integratied wi
TIS servers through Web service interfaces in the futureodall
travel time network in each mobile host is thus built by imégtng
the information of traf ¢ events from peers or a TIS and thedb
stored road network for processing nearest neighbor csierie
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Figure 1: The system infrastructure.

3.2 Travel Time Networks

Leveraging existing methods, we assume a digitizationgs®c
that generates a modeling graph from an input spatial n&tvildre
modeling graph contains three categories of graph nodesnet
work junctions, the start/end points of a road segment, dhero
auxiliary points (e.g., speed limit change points). Howeaedig-
itized spatial network (as shown in Figure 2a) cannot rereal-
time traf ¢ events and this limitation decreases the accyiicf NN
query algorithms [15, 11] which utilize spatial networks. drder
to obtain a more accurate estimation of the nearest POI t@gyqu
point Q we propose to combine real time traf ¢ information with
spatial road networks to generdtavel time network§TTN). A
travel time network uses the travel time as the graph edgghiei
rather than the Euclidean distance as in spatial networksexam-
ple, assume that the spatial distance of eglige ve miles (the left

Shttp://cad.chp.ca.gov/
Shttp://www.sigalert.com/

most road segment in Figure 2a) and the speed limé isfthirty
miles per hour (mph). Hence, we compute the minimum driving
time between nodeA andB to be ten minutes and we set this
value as the distance between nodesndB on the travel time
network (the left most road segment in Figure 2b).

With travel time networks, real-time events can be readily i
tegrated into affected road segments by converting thécefo
time. For example, if the driving speed of a road segmenbises
than its speed limit because of a traf c congestion, thedrame
between its start and end points can be dynamically updatest t
ect the congestion. In addition if a road segment is closédra
a traf ¢ accident, this road segment can be temporarily nezdo
from its travel time network.

3.3 Travel Time Network Nearest Neighbor
Queries

In the real world, mobile objects often move on pre-de nett ne
works (e.g., roads, railways, etc.). In this scenario, tregial net-
work distance provides a more exact estimation of the treigel
tance between any two objects than Euclidean distance dRaet
al. [11] have proposed the Incremental Euclidean Resiri¢lER)
algorithm to solve spatial network nearest neighbor qseri¢ere
we extend the IER algorithm to solve NN queries on travel tiree
works. We propose to use travel time networks to replacaapat
networks and take driving time as the length between two s\éafe
utilizing real-time traf c information. We call the modi & method
travel time network nearest neighbor query

Incremental Euclidean Restriction The IER algorithm is based
on the multi-stepgkNN technique [4, 13]. To execute a nearest
neighbor search for query poi, IER rstretrieves the rst Euclid-
ean distance nearest neighlmarof Q and computes the Euclidean
distanceED (Q;n1). Next it calculates the network distance from
Qtoni, ND (Q;n1). Subsequently the IER algorithm can (3e
as the center to draw two concentric circles with rai) (Q; n1)
andND (Q; n1), respectively. Due to thEuclidean lower bound
property (i.e., for any two nodes andj, their Euclidean distance
ED (ni; n;) always provides a lower bound on their network dis-
tanceND (ni;n;j)). Objects closer t® thann: in the network
must be within the circle making use BfD (Q; n1) as its radius.
Therefore, the search space becomes the ring area betveswvoth
circles as shown in Figure 3a. In the next iteration, the séco
closest objech; is retrieved (by Euclidean distance). Since in the
given exampleND (Q;n2) < ND (Q;n1), n, becomes the cur-
rent candidate for spatial network nearest neighbor andehech
upper bound become¢D (Q; n2). This procedure is repeated un-
til the next Euclidean nearest neighbor is located beyoadéarch
region (ams in Figure 3b).

3.4 Local-based Adaptive Nearest Neighbor
Queries (LANN)

The travel time network enables the integration of real tiraé
¢ information into a spatial representation. Since theludat-
based communication is much more expensive than the shager
ad hoc communication, traf ¢ information can be exchangea i
local area with a much lower cost. Based on this observatien,
propose a Local-based Adaptive Nearest Neighbor queryitigo
(LANN). LANN relies on exchanging local traf ¢ informatiobe-
tween peers to build a travel time network. With LANN, the rit@b
host rst computes the nearest neighbor on the spatial reaslark
when executing a travel time network NN query. Next, the r@obi
host incrementally updates local traf ¢ information andests a
road segment correspondingly as the shortest path to thputech
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Fig. 2a. A spatial network with different road
classes. Thick lines have higher speed limits.

Fig. 2b. A traf c time network with the driving
time between nodes.

Figure 2: A spatial network (left) and its traf ¢ time networ k (right).
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Figure 3: Nearest neighbor search in a spatial network envionment with the IER algorithm.

nearest neighbor. As the mobile host begins to navigate oad r
segment, it broadcasts requests to collect local traf orimfation
from peers within the ad hoc communication range. Only tafedr
information of the surrounding road segments is requedtethe
case that the traf c information cannot be collected frorenze the
default speed limits of the corresponding road segmentsisad.
A travel time network, which evaluates each surroundingl iseg-
ment as the sum of the actual travel cost and a heuristicl ttage
is hence built up. The travel time network utilizes the ttairae
of surrounding road segments as the actual gosiThe heuris-
tic costh is computed as the Euclidean distance from the end of
each surrounding road segment to the destination poirdelivby
a heuristic travel speed (e.g., the average travel speeleospia-
tial network). The mobile host selects the road segment thich
costf = MIN( g + h ) as the shortest path to the computed nearest
neighbor and starts to navigate on that road segment.

Figure 4 demonstrates an example of a TTN and LANN com-
putation. Assume a mobile host at locatiBnexecutes a travel
time NN query and the computed nearest neighbor from théegpat

road network is at locatioB. Figure 4a shows the correspond-
ing spatial road network and the Euclidean distance fronetite
of each surrounding road segment of locatr(AC, AD, and
AE in this example) to the destinatid®. Next, the mobile host
broadcasts to collect the traf ¢ information on road segta&C ,
AD, andAE from peers. Assume the traf c speed of road seg-
mentAC is 30 mph, the speeds 8D andAE are 60 mph, and
the average travel speed on the spatial network is 55 mph. M\ TT
is constructed based on these traf ¢ information as showRiga
ure 4b. The heuristic costs C , AD , andAE are computed with
the average travel speed on the spatial network. The lerigthoh
edge in the TTN represents the corresponding travel timencéle
the cost ofAC is the actual cost (8 minutes) plus the heuristic cost
(32.7 minutes), which in total equals 40.7 minutes. Sirhijahe
cost of AD is 12 + 16:4 = 28:4 minutes and the cost &E is
2 +38:2 = 40:2 minutes. Road segmeAD , which has the mini-
mum cost, is selected in this example.

LANN is executed in an incremental manner: when the mobile
host reaches the end of the selected road segment, it betadca
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Fig. 4a. A road network witlB as the nearest
neighbor of POl ofA.

Fig. 4b. The corresponding TTN used in LANN.

Figure 4: An example of traf ¢ time networks in LANN.

again to collect local traf ¢ information from peers and @pel the
travel time network. Next, the mobile host selects a roadnssy
to continue navigating based on the updated TTN. The mob#e h
keeps executing the algorithm until it reaches the compuogedest
neighbor. The complete algorithm of LANN is shown in Algo-
rithm 1.

Algorithm 1 Lobal-based Adaptive Nearest Neighb@)(
1: /* Q is the query mobile host */
2. Execute a spatial road network NN query for retrieving the
nearest POl and the shortest path to it.
3: Take the returned nearest POI as the destinaiion,
4: for each surrounding road segment in the Tdd&N
5:  select the minimum of actual traf ¢ time cog§ plus heuris-
tic traf c time Ty,
6: end for
7. Take the returned road segment as the current r6uigs
8: while Dist (Q,D) 6 0do
9. repeat

10: Navigate the mobile host @

11:  until the mobile host reaches the endSafute

12:  broadcast to update the TTN

13: for each surrounding road segment in the Tdd

14: select the minimum of actual traf c time co3y plus
heuristic traf c time T,

15:  end for

16: Take the returned road segment as the current rSutg,

17: end while

3.5 Traf ¢ Event Collection and Distribution
of the Traf ¢ Information Server

In order to support the Global-based Adaptive Nearest Nigh
Queries, a traf ¢ information server has to maintain vakidft
events for mobile hosts to access. Traf c events can be lyoad
classi ed into four categories:

Category 1 - Congestion Events: The real traf ¢ speed of a
road segment is much lower than the speed limit. This con-
dition is usually caused by traf ¢ accidents or traf ¢ jams.

Category 2 - Detour Events: A road segment is closed and
the mobile host has to detour.

Category 3 - Closure Events: The selected POl is closed and
the mobile host has to search for another nearest POI.

Category 4 - Recovery Events: A mobile host can recover
its local TTN from previous events: a traf c congestion has
been relieved, a detour has been removed, or a POl is re-
opened.

Since mobile hosts send requests to the TIS to acquire néw tra
events, they can simultaneously upload the speed of theierdu
road segments and report any real-time traf ¢ events. Cuunesetly
the TIS aggregates traf ¢ congestions, accidents, andr oted-
time traf c events. In addition, transportation and law emement
agencies can report road construction and accident infawmeo
the TIS. Commercial businesses (e.g., gas stations) camegsrt
closure events to the TIS.

Every traf ¢ event is time-stamped and a mobile host can syn-
chronize traf ¢ information with the TIS by checking the ést
time-stamp in its local memory.

3.6 Global-based Adaptive Nearest Neighbor
Queries (GANN)

The purpose of the LANN algorithm is to ensure that a mobile
host can make ef cient local navigation decisions at the@&frehch
road segment and always stays on the shortest path to alpotesie
nearest neighbor. Because of the communication rangeatinit
of IEEE 802.11 wireless networks, a mobile host cannot ao@Ees
sume one hop broadcast) real-time traf ¢ events which hapge
faraway. However, these events could have signi cant imoes
on its driving time. For example, a POl may close unexpeytedt
it may be too late for a mobile host to be aware of the event itnti
reaches the vicinity of the POI. In addition, if a mobile hbetds
the knowledge of global traf c events, it can update the entiNN
adaptively when receiving related traf c events. For exénif a
road segment on the path to the current nearest neighbomis te
porarily closed, this traf c event changes the TTN and masule
in another POI being selected as the new nearest neighbereTh
fore, utilizing the cellular communication device on mebiosts



to access current traf ¢ events from the traf ¢ informatisarver is

desirable. The TIS access frequency can be decided by each mo 1:

bile host and all the traf c events related to the currenteozan be
accessed at one time.

We propose a Global-based Adaptive Nearest Neighbor qliery a
gorithm that computes the nearest neighbor in a best- rstmaa
with a global travel time network. At the start of a trip a mebi
hostM executes the GANN algorithm to compute a nearest POI as
the destinatiorD and the shortest path @ as the selected route
Sroute . Afterwards the mobile host followSoue for traveling to
D before updating traf c events with the server. WHdnreceives
new traf ¢ information Tinre  from TIS, it needs to determine if
Tinto has any in uence (e.g., traf c jams usually slow down the
traf ¢ on road segments) 0Boute . If Tinfe has no in uence on
the current route oM , the mobile host only needs to integrate
Tinto into its local TTN for future usage. However, Ty, is re-
lated to the current journey o&fl , the mobile host has to execute
more methods. As discussed in Section 3.5, there are fdur tra
event categories. With category 1 and 2, mobile hosts haue-to
date their local TTN (remove the edge of the closed road segme
for category 2) and recalculate tbe ime from the current loca-
tion toD. Then it launches a travel time network NN query with
Drime as the upper search bouSdoung . Afterwards, GANN
chooses the shortest driving time POI witt$gouna as the new
destination and navigates the mobile host there, if any neWak

been found. In category 3, a selected POI can be closed unex-16:

pectedly after a mobile host starts its trip. When receiangOl
closure event which is the current destination, a mobilé has to
launch a travel time network NN query for nding a new nearest
POI. With category 4, if the recovery is about a traf c cont@s
and related with the route to the current nearest neighbenro-
bile host only needs to update its local TTN. Otherwise, tobite
client launches a travel time network NN query with the cotre
driving timeDr tme as the search upper bouBgouna 0N the up-
dated TTN.

The complete algorithm of GANN is formalized in Algorithm 2.

4. EXPERIMENTAL VALIDATION

We implemented our adaptive nearest neighbor query alhgosit
in a simulator to evaluate the performance of our approactr O
main objective is to increase the accuracy of nearest nergikeries
and decrease the driving time. First, real time traf ¢ infation
can be easily integrated into the underlaying network. Becthe
shortest path to a destination (POI) can be generated irecriiity
(LANN) or dynamically (GANN). Consequently, the focus ofrou
simulation is on quantifying the driving time variations.e\Wave
performed our experiments with both real-world and synched-
rameter sets.

4.1 Simulator Implementation

Our simulator consists of three main modules, ttavigation
module theserver moduleand thebaseline moduleThe objective
of the navigation module is to generate and control the meves
and the NN query launch of all mobile hosts. Each mobile r®st i
an independent object which encapsulates all its relatedmpeters
(such as the movement velocityovey ¢, and the wireless trans-
mission rangél Rrang ) @nd decides its movement autonomously.
Spatial data (POI) indexing is provided with the well knowsirBe
algorithm with the quadratic splitting method [5]. All mddihosts
move inside a geographical area, measuring 4 miles by 4 miles
Additionally there are user adjustable parameters forithalation
such as the execution length, the number of mobile hoststand t
number of POIs. The server module interacts with mobile shost

Algorithm 2 Global-based Adaptive Nearest Neighb@) (
[* Q is the query mobile host */

2. Execute atravel time network NN query for retrieving tieanr
est POI and the shortest path to it.
3: Take the returned nearest POI as the destinafignand the
shortest path t® as the current rout&oute
4: while Dist (Q,D) 6 0do
5. Navigate the mobile host @ and request traf c events from
the server with a frequendy
6: if The received informatiofi,s, is related withSyoue and
is not a recovery everthen
7: if D is not closedhen
8: Update the time network withiro and utilize the cur-
rent location ofQ for calculating a new driving time
DI‘ time tO D
9: Execute the travel time network NN query wihn (ime
as a search upper bouSgound
10: if any closer POl is founthen
11: Pick the closest POl withiByoung aSD new
12: ReplaceD with Dpew and updateSioue With the
route toD new
13: end if
14: else
15: Execute the travel time network NN query with the cur-

rent location ofQ for nding a new nearest PQD pew .
Replac® with D ey and updat&,oue With the route

t0 D new

17: end if

18: else

19: if Tinto IS @ recovery everthen

20: if Tinro IS @about a traf c congestiothen

21: Update the local time network withio

22: else

23: Update the time network withirr, and utilize the
current location ofQ for calculating a new driving
timeDr tme toD

24: Execute the travel time network NN query with
Drime as asearch upper bougound

25: if any closer POl is founthen

26: Pick the closest POl withi8yound aSD new

27: Replac® with Dnew and updat&Soue With the

route toD new

28: end if

29: end if

30: end if

31: else

32: Update the time network witFinso

33: endif

34: end while

which execute the GANN algorithm for disseminating readdi
traf ¢ events. In addition, the purpose of the baseline meds

to simulate traditional road network NN query solutions][ahd
compute a shortest pai» to a NN without considering any related
traf ¢ events (e.g., congestions, detours, etc.). Thendtiging
time of following Sp can be used to compare with both the driving
time of utilizing the LANN and the GANN algorithms. Table $t$

all the simulation parameters.

The simulation is initialized by randomly choosing a stagtio-
cation for each MH within the simulation area. Since mobists
are not always searching for nearest neighbors, we assuche ea
mobile host has two modes|N search modand driving mode



[ Parameter | Description |

POl numb The number of points of interest in the system
Mobi Host The number of mobile hosts in the simulation arep
Moveyep | The mobile host movement velocity (MPH)

Cong The mean number of congestions per hour

Deto The mean number of detours per hour

Clos The mean number of POI closures per hour
TRRang The transmission range of queries
Time gexec The length of a simulation run
EXpe Rregn The measure of the simulation region

Table 1: Parameters for the simulation environment.

When a mobile hosM is in the NN search mode, the navigation
module navigate® to its queried nearest neighbovia employ-
ing both the LANN and the GANN algorithms (for comparison
purposes). At the same time, the baseline module compuges th
shortest patt8p from the start location oM to n and estimates
the driving time. Afterwards, the comparison module mezesi
the driving time of utilizing the LANN algorithm, the GANN gb-
rithm, and following the pre-computed shortest pgth Further-
more, we employ theandom waypoint modgP] as the mobility
model for the driving mode. A MH which is in the driving mode se
lects arandom destination inside the simulation area aogtpsses
greedily toward it. When reaching that location, the MH pesfor

Of ce of Traf ¢ Safety, SIGALERT.com real-time traf c in-
formation, etc.), we acquired the traf c event statistids o
Southern California and categorized these events into two
main categories: traf c congestions (e.g., traf c hazaruaf-

c collisions, etc.) and detours (e.g., road constructjonsd
closures, etc.). Because there is no of cial survey of POI
closure events, we assume a low occurrence rate. The event
generation module is designed to plug-in the collected traf

¢ statistic data and produce four types of traf c/POI event

(1) traf c congestions, (2) detours, (3) POI closures, afid (
event recoveries. We categorized traf c congestions iwwm t
levels: medium and heavy. The corresponding speed are 10
to 20 miles per hour (mph) and 0 to 10 mph respectively on
local routes; and additionally 20 to 40 mph and 0 to 20 mph
on highways. The ratio between medium and heavy conges-
tions is also based on the traf ¢ statistic data. The appesra
ratio of these events are based on statistical traf c dath an
the interval between events is based on the Poisson distribu
tion.

The Los Angeles and the Riverside County parameter sets rep-
resent a very dense, urban area and a low-density, moreanaal
Hence, for comparison purposes we blended the two real garam
ter sets together to generate a third, synthetic parameterTée

a random interval and decides on a new destination for the nex Synthetic data set demonstrates vehicle density, POI tyerasid

travel period. Both processes (NN search and driving) rteyue
the end of the simulation. Users can decide the number oflmobi

traf c event frequency in-between Los Angeles County andeRi
side County, representing a suburban area. Table 2 listhtbe

hosts which operate in the NN search mode and the driving mode Parameter sets.

The movement of each MH follows the underlaying road net-
work and their travel speeslis determined by the traf c speed on
the corresponding road segment.

4.1.1 Simulation Parameter Sets

In order to acquire results that closely correspond to weale
traf ¢ conditions, we obtained our simulation parametewm data
sets which report, for example, vehicle density, POI dgnsihd
traf ¢ event statistics in the Southern California area. ¥ the
two parameter sets based on real-world statisticd tieeAngeles
County parameter setnd theRiverside County parameter set

Mobile Hosts: We collected vehicle statistics of Southern
California from the Federal Statistics web $iteThe data
provides the number of registered vehicles in the Los Ange-
les and Riverside Counties (5,498,554 and 944,645, respec-
tively). In our simulations we assume that about 10% of these
vehicles are on the road during non-peak hours according to
the traf ¢ information from Caltrarfs We further obtained

the land area of each county to compute the average vehicle
density per square mile.

Points of Interest: We obtained information about the den-
sity of interest objects (e.g., gas stations, restaurdmas;
pitals, etc.) in Southern California from two online sites:
GasPriceWatch.cotrand CNN/Money’. Because gas sta-
tions are commonly the target of NN queries, we use them as
the point of interest type for our simulations.

Traf c Events: According to the National TransportatioraSt
tistics'* and data from traf c related agencies (e.g., Caltrans

"http://www.fedstats.gov/
8http://www.dot.ca.gov/hg/traffops/saferesritrafdata
Shttp://www.gaspricewatch.com

http://money.cnn.com/
Hhttp:/ivww.bts.gov/publications/nationstansportatiorstatistics/

Parameter | Los Angeles| Riverside | Synthetic | Units
County County | Suburbia
POl numb 65 21 43
Mobi st 1852 204 1028
Cong 39 11 25 hr 1
Deto 7 3 5 day !
Clos 3 2 3 day !
TRRang 200 200 200 m
Time gxec 10 10 10 hrs
EXPe regn 16 16 16 mile 2

Table 2: The simulation parameter sets for the Los Angeles
County, the Riverside County, and the synthetic suburbia.

Figure 8: The simulator and its visualization interface.
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Figure 5: The percentage of driving time that are saved by theLANN and the GANN algorithm as a function of the mobile host
transmission range.
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Figure 6: The percentage of driving time that are saved by thae. ANN and the GANN algorithm as a function of congestions on tle
pre-computed shortest path.
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Figure 7: The percentage of driving time that are saved by thd ANN and the GANN algorithm as a function of detour on the
pre-computed shortest path.

4.2 Implementation of Travel Time Network 4.3 Experiments

We acquired our road network data from the TIGER/LINE street ~ We used all three parameter sets, Los Angels County, Rieersi
vector data available from the U.S. Census Bureau. The regd s  County, and synthetic, to simulate our two adaptive neareigth-

ments belong to several different categories, such as pyihigh- bor query algorithms. We varied the following parametershe
ways, secondary and connecting roads, and rural roads. €the s  serve their effects on the average driving time: the wisetesns-
ments associated with a different road classes are asswcidth mission range, the number of congestions, and the numbes-of d

different maximum driving speeds. We de ne a road segment as tours. The performance metric of the simulation isBmving Time
the road section between two crossroads and the driving dfme  Savings RatéDTSR) which normalizes the saved driving time to
a road segment can be derived from its speed limit, currahttr the driving time of the pre-computesh . The primary differences
events on it, and its length. between the three parameter sets are vehicle density, PGityje



and traf c event amount. Therefore, the simulation restgtseal
the applicability of our algorithms to different geogragdii areas.
All simulation results were recorded after the system redch
steady state.

4.3.1 Effect of the Transmission Range

In our rst experiment we varied the mobile host wirelessyga
mission range from 20 meters to 200 meters, with all othearpar
ters unchanged. We chose 200 meters as a practical uppeofimi
the transmission range of the IEEE 802.11 technology. Becati
obstacles such as buildings, this range could diminish ®rihe-
ters or less in urban areas. Figure 5 illustrates the pexgendf
the driving time which is saved by employing the LANN algbrit
compared with following the pre-comput&# . As the transmis-
sion range extends, a mobile host can reach more peers ard mor
related traf c events can be retrieved. As expected, thecefis
most pronounced in Los Angeles County, because of its high ve
cle density. At a transmission range of 200 m, the LANN aldponi
can save approximately 10% to 15% driving time compared with
the pre-computed shortest path solution.

4.3.2 Effect of Congestions Frequency

Since congestions have a signi cant impact on driving time,
studied the effect of varying the congestions frequencyherpre-
computed shortest pathe by changing the number from 2 to 10
and the results are shown in Figure 6. We observe that when the
congestions frequency increases, our algorithms haveter fpetr-
formance in areas with a higher vehicle density. This is beea
more traf ¢ information can be detected by peer vehiclesadni-
tion, the advantage of the travel time network becomes miae p
nounced when congestions 8a increase.

4.3.3 Effect of Detours Frequency

Next we varied the detours frequency from 2 to 10Spn Fig-
ure 7 illustrates the simulation results of the three patansets.
As we can observe, both our algorithms have a better perfrena
than the pre-computed shortest path solution based omgtivne.
However since a mobile host can avoid a detour by taking yearb
routes, all the result DTSR rates are lower than in the prevex-
periments.

We conclude from all the performed experiments that our-algo
rithms have better performance among all the experimeasd<
We note that the mobile host density has a considerable icee
on the driving time savings rate.

5. CONCLUSIONS AND FUTURE WORK

Geographic information systems are getting increasinghis-
ticated and nding nearest neighbor objects representgra sant
class of queries. Existing algorithms work on realistict $tatic,
spatial networks. The next generation of applications reitjuire
real-time information to be integrated to produce searshltethat
re ect the most current network conditions. To this end weeha
presented the concept of a travel time network that is dyoaliyi
and continuously updated. Additionally, we have introdliteo
nearest neighbor query algorithms that operate on sucél tiiave
networks. We have shown through simulation results thatexhr-
niques outperform the static approaches and reduce thed tieane
when dynamic events occur.
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