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Abstra
t. Spatio-temporal networks are spatial networks whose topol-ogy and parameters 
hange with time. These networks are important dueto many 
riti
al appli
ations su
h as emergen
y traÆ
 planning and route�nding servi
es and there is an immediate need for models that supportthe design of eÆ
ient algorithms for 
omputing the frequent queries onsu
h networks. This problem is 
hallenging due to potentially 
on
i
tingrequirements of model simpli
ity and support for eÆ
ient algorithms.Time expanded networks whi
h have been used to model dynami
 net-works employ repli
ation of the network a
ross time instants, resultingin high storage overhead and algorithms that are 
omputationally ex-pensive. In 
ontrast, proposed time-aggregated graphs do not repli
atenodes and edges a
ross time; rather they allow the properties of edges andnodes to be modeled as a time series. Sin
e the model does not repli
atethe entire graph for every instant of time, it uses less memory and thealgorithms for 
ommon operations (e.g. 
onne
tivity, shortest path) are
omputationally more eÆ
ient than those for time expanded networks.One important query on spatio-temporal networks is the 
omputation ofshortest paths. Shortest paths 
an be 
omputed either for a given starttime or to �nd the start time and the path that leads to least traveltime journeys (best start time journeys). Developing eÆ
ient algorithmsfor 
omputing shortest paths in a time varying spatial network is 
hal-lenging be
ause these journeys do not always display greedy propertyor optimal substru
ture, making te
hniques like dynami
 programminginappli
able. In this paper, we propose algorithms for shortest path 
om-putations in both 
ontexts. We present the analyti
al 
ost models for thealgorithms and provide an experimental 
omparison of performan
e withexisting algorithms.
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1 Introdu
tionThe underlying data of interest for many signi�
ant appli
ations su
h as trans-portation networks is stru
tured as a spatio-temporal network, whi
h 
onsistsof a �nite 
olle
tion of points (i.e. nodes) with lo
ation information, the line-segments (i.e. edges) 
onne
ting the points, and the time-varying attributes at-ta
hed to the elements. For example, a spatio-temporal network database for atraveler's trip planning may store the interse
tions as nodes, the road segmentsas edges, and time dependent travel time atta
hed to the road segments. In the
ase of eva
uation planning, time dependent 
apa
ity may be added to the roadsegments as another important attribute.Related work in the �eld of databases falls into three broad 
ategories (1)Spa-tial network databases, (2) Graph Databases, and (3) Spatio-temporal databases.The re
ent release of Ora
le (version 10g) in
ludes a network data model tostore and maintain the 
onne
tivity of link-node networks and supports basi
features su
h as shortest path [14℄. The Network Analyst extension of Ar
Mapfrom ESRI supports a network geodatabase and provides basi
 algorithms (e.g.,shortest path, servi
e area, 
losest fa
ility, et
.) [7℄. However, these produ
ts donot address the time varian
e of spatial networks, whi
h is 
ru
ial in appli
ationssu
h as route 
omputations and emergen
y planning.Graph databases [5{7, 19, 22, 24℄ also primarily deal with spatial networksthat do not vary with time. Resear
h in graph databases that a

ounts for tem-poral variations perform 
omputations over a snapshot of the network [4, 9, 18℄,and does not 
onsider the interplay between the edge travel times and the ex-isten
e of edges. For example, Ding [4℄ proposed a model that addresses thetime-dependen
y by asso
iating a temporal attribute to every edge and node ofthe network so that its state at any instant of time 
an be retrieved. This modelperforms path 
omputations over a snapshot of the network. Sin
e the network
an 
hange over the time taken to traverse these paths, this 
omputation mightnot give realisti
 solutions. The model does not propose an algorithm for theleast travel time paths.Although the need for live traÆ
 information is in
reasing, there has been lit-tle work on the modeling and algorithms for spatio-temporal network databases.Choro
hronos [12℄, studied various aspe
ts of spatio-temporal databases in
lud-ing ontology, modeling, and implementation. However, the resear
hers have yetto study spatio-temporal networks in this framework.Resear
h in Operations Resear
h is based on the time expanded network [10,11, 13, 15, 17, 21℄. This model dupli
ates the original network for ea
h dis
retetime unit t = 0; 1; : : : ; T where T represents the extent of the time horizon.The expanded network has edges 
onne
ting a node and its 
opy at the nextinstant in addition to the edges in the original network, repli
ated for every timeinstant. This signi�
antly in
reases the network size and is very expensive withrespe
t to memory. Be
ause of the in
reased problem size due to repli
ation ofthe network, the 
omputations be
ome expensive.As the �rst step towards the study of spatio-temporal network databases,we previously proposed a spatio-temporal network model named the time ag-



gregated graph [8℄. In this paper, we introdu
e a 
ase study of this model usingrouting algorithms. The proposed algorithms (SP-TAG and BEST) 
ompute theshortest path in the given network for a given start time at the sour
e node andthe least travel time route over the entire time period. The proposed modeland algorithms are evaluated with a real world stati
 graph appended with asyntheti
ally generated travel time series.
1.1 An Illustrative Appli
ation Domain
Transportation networks are the kernel framework of many advan
ed transporta-tion systems su
h as the Advan
ed Traveler Information System and IntelligentVehi
le Highway Systems. Transportation networks are spatio-temporal in na-ture and require signi�
ant database support to handle the storage of their largeamounts of multi-dimensional data. Many important appli
ations based on trans-portation networks, in
luding travelers' trip planning, 
onsumer business logis-ti
s, and eva
uation planning need to be built upon spatio-temporal networkdatabases. For example, 
ommuters try to �nd a suitable time to start their
ommute so that they spend the least time in traÆ
. Figure 1 illustrates traÆ
sensor networks on urban highways whi
h measure 
ongestion levels at two dif-ferent times (e.g. 5:07pm and 9:37pm) illustrating possible 
hanges in shortestroute travel times at di�erent times of the day. With the in
reasing use of sensornetworks to monitor traÆ
 data on spatial networks and the subsequent avail-ability of time-varying traÆ
 data, it be
omes important to in
orporate this datain the models and algorithms related to transportation networks. However, exist-ing spatio-temporal databases do not o�er adequate support for spatio-temporalnetworks.

Fig. 1. Sensor networks periodi
ally report time-variant traÆ
 volumes on TwinCities highways (Best viewed in 
olor, Sour
e: Mn/DOT)



The problem of �nding best start time has similar appli
ations in freightdelivery servi
es, one of whose main 
on
erns is to redu
e logisti
 
osts su
h asfuel 
onsumption. Another important appli
ation is in emergen
y traÆ
 manage-ment. Emergen
ies 
aused by natural or manmade disasters 
an result in atypi
aldemands on a transportation network, resulting in severe 
ongestion. Emergen
ymanagers may be interested in using spatio-temporal network databases to un-derstand non-equilibrium traÆ
 dynami
s and to make informed de
isions abouteva
uation route planning.1.2 Broad ChallengesA time-variant graph is a graph whose edge and node properties and topologi
alstru
ture are time dependent. For example, traÆ
 volume on urban highwaysvaries over the time of day, whi
h leads to a variation in travel time. In addi-tion to network parameter values, the network topology 
an also 
hange withtime due to the unavailability of 
ertain road segments during some periods oftime due to repair or natural 
alamities. Conventional graph algorithms 
annoteasily be applied to the snapshot graphs at dis
rete time instants to evaluatefrequent queries without a

ounting for relationships among snapshots. How-ever, time-variant graphs raise many 
hallenges for database resear
h. Due totheir potentially large and evergrowing sizes, a storage-eÆ
ient representationis 
riti
al to redu
e and possibly eliminate redundant information a
ross di�er-ent time-points. Se
ond, new data model 
on
epts need to be investigated torepresent and 
lassify potentially new alternative semanti
s for 
ommon graphoperations su
h as shortest-path and 
onne
tivity. For example, a shortest pathbetween a given pair of nodes may have at least two interpretations, one for agiven start time-point and the other for the shortest travel-time for any starttime in a given time interval. A third 
hallenge is the design of eÆ
ient and
orre
t query pro
essing strategies and algorithms sin
e some of the 
ommonlyassumed graph-properties may not hold for spatio-temporal graphs. For exam-ple, 
onsider the optimal substru
ture (required in dynami
 programming , [2℄)for shortest paths in a graph. While ea
h pre�x path (path from a sour
e node toan intermediate node in an optimal path) is optimal in a stati
 graph, it may notbe optimal in a spatio-temporal graph due to a potential wait at an intermediatenode.Our Contribution:The paper des
ribes a model for spatio-temporal networks
alled the time aggregated graph, that uses a time series to represent time-varying attributes. We propose algorithms to 
ompute shortest paths for a �xedstart time and the best start time (Best Start Time Algorithm) and 
onsequentlythe least 
ommute time paths. These problems are 
hallenging sin
e 
ommon al-gorithm design te
hniques like greedy design 
annot always be applied. The BestStart Time algorithm uses a node 
ost time series instead of a s
alar node 
ost.The entries in the time series are updated when a path of smaller 
ost is found.The algorithm iterates until every entry rea
hes a minimum value and hen
edoes not depend on the greedy 
hoi
e property. This removes the FIFO restri
-tion from the edge travel times. We also present the experimental analysis of



the best start time algorithm and the shortest path algorithm for a given starttime [8℄.1.3 S
ope and Outline of the PaperThe paper presents a 
ase study of time aggregated graphs using routing algo-rithms to 
ompute shortest paths in two di�erent 
ontexts. Shortest paths 
anbe 
omputed from a given sour
e node for a �xed start time and at the beststart time whi
h minimizes the travel time over the entire time horizon.The rest of the paper is organized as follows. For the sake of 
ompleteness,Se
tion 2 provides a brief des
ription of the time aggregated graph model thatis used to represent spatio-temporal networks. This se
tion also des
ribes theshortest path algorithm for a given start time. Se
tion 3 des
ribes the proposedalgorithm to 
ompute the best start time at a given sour
e node for any destina-tion node. In Se
tion 4, we present the experimental design and the performan
eanalysis. In Se
tion 5 we 
on
lude and des
ribe the dire
tion of future work.2 Basi
 Con
eptsSpatial networks that show time-dependen
e serve as the underlying networksfor many appli
ations su
h as routing in transportation networks. Traditionallygraphs have been extensively used to model spatial networks (e.g. road net-works) [19℄; weights assigned to nodes and edges are used to en
ode additionalinformation. In a real world s
enario, it is not un
ommon for these networkparameters to be time-dependent. It is important to be able to formulate 
om-putationally eÆ
ient and 
orre
t algorithms for the shortest path 
omputationthat take into a

ount the dynami
 nature of the networks. Models of these net-works need to 
apture the possible 
hanges in topology and values of networkparameters with time and provide the basis for the formulation of 
omputation-ally eÆ
ient and 
orre
t algorithms for the frequent 
omputations like shortestpaths.Given a set of frequent queries posed by an appli
ation on a spatial networkand the pattern of variations of the spatial network with time, we need to �nda model that supports eÆ
ient and 
orre
t algorithms for 
omputing the queryresults, while trying to minimize the storage and 
ost of 
omputation. In thisse
tion we dis
uss the basi
s of the model used to represent time dependent spa-tial networks 
alled "Time Aggregated Networks" [8℄. The algorithms presentedin this paper are formulated based on this model. Time aggregated graphs 
annot only 
apture the time-dependen
e of network parameters, but also a

ountfor the possibility of edges and nodes being absent during 
ertain instants oftime.2.1 The Con
eptual ModelA graph G = (N;E) 
onsists of a �nite set of nodes N and edges E betweenthe nodes in N . If the pair of nodes that determines the edge is ordered, the



graph is dire
ted; if it is not, the graph is undire
ted. In most 
ases, additionalinformation is atta
hed to the nodes and edges. In this se
tion, we dis
uss howthe time dependen
e of these edge/node parameters are handled in the proposedtime-aggregated graph model.We de�ne the time-aggregated graph as follows.
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Fig. 2. Network at Various Time Instants and the Time Aggregated Graph
taG = (N;E; TF; f1 : : : fk; g1 : : : gl; w1 : : : wpjfi : N ! RTF ; gi : E ! RTF ;wi :E ! RTF )where N is the set of nodes, E is the set of edges, TF is the length of the entiretime interval, f1 : : : fk are the mappings from nodes to the time-series asso
iatedwith the nodes, g1 : : : gl are mappings from edges to the time series asso
iatedwith the edges, and w1 : : : wp indi
ate the time dependent weights (eg. traveltimes) on the edges.Ea
h edge has an attribute, 
alled an edge time series that represents thetime instants for whi
h the edge is present. This enables the time aggregatedgraph to model the topologi
al 
hanges of the network with time. We assumethat ea
h edge travel time has a positive minimum and the presen
e of an edgeat time instant t is valid for the 
losed interval [t; t+ �℄.Figure 2(a,b,
) shows a network at three time instants. The network topologyand parameters 
hange over time. For example, the edge N2-N1 is present at timeinstants t = 1; 2, and disappears at t = 3, and its weight 
hanges from 1 at t = 1to 5 at t = 2. The time aggregated graph that represents this dynami
 networkis shown in Figure 2(d). In this �gure, edge N2-N1 has two attributes, ea
h beinga series. The attribute (1; 2) represents the time instants at whi
h the edge ispresent and [1; 1;�℄ is the weight time series, indi
ating the weights at variousinstants of time. Though this model 
an in
lude spatial properties at nodes and



edges, these properties are not in
orported in the algorithms presented in thispaper. Figure 3(a) shows the time aggregated graph (
orresponding to Figure
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Fig. 3. Time-aggregated Graph vs. Time Expanded Graph
2(a),(b),(
)) and a time expanded graph that represent the same s
enario. Edgeweights in a time expanded graph are not expli
itly shown as edge attributes;instead they are represented by edges that 
onne
t the 
opies of the nodes atvarious time instants. For example, the weight 1 of edge N2-N1 at t = 1 isrepresented by 
onne
ting the 
opy of node N2 at t = 1 to the 
opy of nodeN1 at time t = 2. The time expansion for the example network needs to gothrough 7 steps sin
e the latest edge traversal in the network ends at t = 7.The traversal of the edge N3-N4 that starts at t = 3 ends at t = 7, the traveltime of the edge being 4 units. The number of nodes is larger by a fa
tor of T ,where T is the number of time instants and the number of edges is also larger innumber 
ompared to the time-aggregated graph. If the value of T is very large ina spatial network, it would result in enormously large time expanded networksand 
onsequently slow 
omputations.Comparison of Storage Costs with Time Expanded Networks:A

ording to the analysis in [20℄, the memory requirement for a time expandednetwork is O(nT )+O(n+mT ), where n is the number of nodes, m is the numberof edges in the original graph, and T is the length of the travel time series.The memory requirement for the time-aggregated graphs would be O(n+m)T ,assuming an adja
en
y list representation of the graph. Ea
h edge has a traveltime series asso
iated with it, instead of a s
alar 
ost as in the 
ase of a stati
graph.This 
omparison shows that the memory usage of time-aggregated graphs is lessthan that of time expanded graphs by a fa
tor of O(nT ).



2.2 Shortest Path Computation for Time Aggregated Graphs(SP-TAG Algorithm)In time dependent networks, the shortest path and its traversal time are depen-dent on the start time at the sour
e node. Here we give an outline of the algorithmthat 
omputes the shortest path for a given start time in a time-dependent net-work. The algorithm uses the time aggregated graph to represent the network.The appli
ation of a greedy strategy in the shortest path 
omputation (whi
his a popular 
hoi
e in most optimization problems) in a time-aggregated graphfa
es a 
hallenge. Not all shortest paths display the optimal sub-stru
ture, asillustrated by Figure 4. For the sake of simpli
ity, the travel times are 
onstantin this example. It 
an be seen that a shortest path (N1-N3-N4-N5) from N1 to
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ture of Shortest Paths
N5 for the start time t = 1, whi
h takes 5 time units, does not display optimalsubstru
ture. The path from N1 to N4 following the above path is not optimal(shortest path being N1-N2-N4). Although su
h paths that do not display opti-mal sub-stru
ture 
ould exist, it 
an be proved that there is at least one optimalpath whi
h satis�es the optimal sub-stru
ture property [8℄. This result enablesus to use a greedy approa
h to 
ompute the shortest path. The algorithm, 
alledthe SP-TAG algorithm, uses greedy strategy to �nd the shortest path for a �xedstart time. Every node has a 
ost asso
iated with it whi
h represents the traveltime to rea
h the node from the sour
e node. The algorithm pi
ks the node withthe least 
ost and updates the 
osts of its adja
ent nodes. While �nding theadja
ent nodes, ea
h edge is sele
ted at its earliest available time instant (min toperation in the algorithm des
ription). A tra
e of the algorithm is given in Ta-ble 1. The table entries are the 
osts asso
iated with ea
h node (representingthe arrival times at the node) at ea
h iteration. The node marked as \
losed"is the node with the minimum 
ost sele
ted for expansion. The travel times areassumed to follow the FIFO property.Lemma 1: The SP-TAG algorithm is 
orre
t.Proof:As Figure 4 illustrates, the shortest path fails to have optimal stru
-ture due to a potential wait at the intermediate node (u), after rea
hing thisnode traversing the optimal path from s to u. Consider the optimal path from



Algorithm 1 Shortest Path (SP-TAG) AlgorithmInput:1) G(N;E): a graph G with a set of nodes N and a set of edges E;Ea
h node n 2 N has a property:Node Presen
e Time Series : series of positive integers;Ea
h edge e 2 E has two properties:Edge Presen
e Time Series,Travel time series : series of positive integers;�u;v(t) - travel time of edge uv at time t.2) s: Sour
e node, s � N; 3) d: Destination node, d � N;4) tstart: Start Time;Output: Shortest Route from s to d for tstartMethod: 
[s℄ = tstart;8v 6= s; 
[v℄ =1;// 
[u℄ is the 
ost at the node u.Insert s in priority queue Q.while Q is not empty do fu = extra
t min(Q);for ea
h node v adja
ent to u do ft = min t((u; v); 
[u℄);if t+ �u;v(t) < 
[v℄ f
[v℄ = t+ �u;v(t); parent[v℄ = u;if v is not in Q, insert v in Q;gupdate Q;gggOutput the route from s to d.
s to u. Append this path to the path u� d (allowing a wait at the intermediatenode u) from the optimal path. This would be still the shortest path from s tod. Otherwise, it would 
ontradi
t the optimality of the original shortest path.Lemma 2: The time 
omplexity of the SP-TAG algorithm is O(m(logT +logn)) where T is the number of time instants, n is the number of nodes and mis the number of edges in the time aggregated graph.Proof:The 
ost model analysis assumes an adja
en
y list representation ofthe graph with two signi�
ant modi�
ations. The edge time series is stored inthe sorted order. Atta
hed to every adja
ent node in the linked list are the edgetime series and the travel time series.For every node extra
ted from the priority queue Q, there is one edge time serieslook up and a priority queue update for ea
h of its adja
ent nodes. The time
omplexity of this step is O(logT + logn). The asymptoti
 
omplexity of thealgorithm would beO(�v2N [degree(v):(logT + logn℄) = O(m(logT + logn)).The time 
omplexity of the SP-TAG shortest path algorithm based on a time



Table 1. Tra
e of the SP-TAG Algorithm for the Network shown in Figure 4Iteration N1 N2 N3 N4 N51 1 (
losed) 1 1 1 12 1 2 (
losed) 3 1 13 1 2 3 (
losed) 3 14 1 2 3 3 (
losed) 65 1 2 3 3 6 (
losed)
expanded network is O(nT log T +mT ) [3℄. It 
an be seen that the algorithmbased on a time-aggregated graph is faster if log n < T log T .
3 Case Study: Best Start Time Shortest PathsThe time dependen
y of network parameters a�e
ts the 
onne
tivity and theshortest paths between nodes in a spatial network. As illustrated in Figure 5,the travel time from node N1 to node N3 
hanges with the start time. If thetravel starts at t = 1, the 
ommute time would be 6 units. A journey that startsat t = 1 rea
hes N2 at t = 2 and waits at N2 until edge N2-N3 be
omes availableat t = 5, thus taking a total travel time of 6 units to rea
h node N3. Thetravel on the same route would take 4 units if the start time is moved to t = 4.This shows that the shortest paths in a time-dependent network vary with time,whi
h adds an interesting dimension to shortest path 
omputation. A path thattakes the smallest travel time for a sour
e-destination traversal over the entiretime horizon (
alled 'Best Start Time shortest Path') 
an be 
omputed. This issigni�
ant sin
e it suggests that it is possible to redu
e the travel time for thesame sour
e-destination pair if the travel starts at the "right" time instant.The formulation of algorithms to 
ompute the paths that take the least 
om-mute time be
omes non-trivial sin
e most of the te
hniques that are used instati
 networks might not be appli
able in dynami
 s
enarios. Sin
e the network
hanges in its parameter values and the topology, meeting the requirements ofeÆ
ien
y and 
orre
tness 
an pose 
hallenges. The potential waits at intermedi-
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ate nodes 
an in
rease the total journey time even if an initial part of the pathturns out to be optimal. Figure 5 shows a spatial network that 
hanges withtime. The �gure shows the snapshots of the network at various instants of time,



and the edges are marked with the travel times. It is signi�
ant to note that thepre�x journeys of the best start time shortest path journey are not always opti-mal sin
e some optimal pre�x journeys 
an lead to longer waits at intermediatenodes. The best start time for a journey from node N1 to Node N3 is t = 4,whi
h takes 4 time units. The optimal path from N1 to N3 that starts at t = 4is not optimal for the intermediate node N2. The best start time for a path fromN1 to N2 is t = 1, whi
h proves to be sub-optimal for a journey from N1 to N3.The la
k of an optimal substru
ture in the best start time shortest paths rulesout the possibility of using a greedy strategy in the algorithm design.We propose an algorithm that 
omputes the best start time based on a node-
ost time series. The proposed algorithm uses the time aggregated network modelto represent a time dependent spatial network.3.1 BEst Start Time Shortest Path (BEST) AlgorithmWhile 
omputing the best start time, ea
h node needs to keep tra
k of the traveltimes to the destination for every start time instant. The proposed algorithmattributes ea
h node with a time series, with ith entry representing the 
urrent,least travel time to the destination node for the start time ti. Due to the la
kof optimality of pre�x paths and la
k of ordering of nodes based on the 
osts(ie. travel times), nodes 
annot be sele
ted and "
losed" based on a minimums
alar 
ost. The algorithm uses an iterative, label 
orre
ting approa
h [1℄ andea
h entry in a node time series is modi�ed a

ording to the following 
ondition.Cu[t℄ = minimumfCu[t℄; �uv(t)+Cv[t+�uv(t)℄g where, (1)uv 2 ECu[t℄ - Travel time from u 2 N to the destination for the start time t.�uv(t) - Travel time of the edge uv at time t.The algorithm maintains a list of all nodes that 
hange its 
ost a

ording to the
ondition and terminates when there is no further improvement indi
ated by anempty list. Though the list 
an be implemented using several data stru
tures,studies on stati
 networks [25, 1℄ have shown that the Two Q implementation [16℄of label 
orre
ting algorithms performs the best on road networks.The sear
h starts at the destination node and pro
eeds to update the remain-ing nodes, �nally �nding the best start time shortest paths from all nodes to thedestination. Figure 6 illustrates the tra
e of the algorithm on a small network.In this example, the destination node is the node N4. The node 
ost series C4is initalized to [0; 0; 0; 0; 0℄ and the 
ost series Ci; i = 1; 2; 3 are initialized to[1;1;1;1;1℄. The nodes that have N4 in their adja
en
y lists (that is, allnodes Ni su
h that NiN4 2 E), N2 and N3 are relaxed a

ording to 
ondition(1). These nodes are added to the queue sin
e there is a 
hange in their 
ostseries. The steps 
ontinue until the queue is empty, indi
ating that there is nofurther 
ost improvement at any of the nodes. At every iteration, the node that
ontributes to a 
ost improvement is stored in a des
endant array to fa
ilitatethe tra
e of the shortest paths when the algorithm terminates. At the termina-tion, the 
ost time series has the travel times for every start time t = 1; 2 � � �T .For example, the 
ost time series of node N1 shows that the travel times from



Algorithm 2 BEST AlgorithmInput:G(N;E): a graph G with a set of nodes N and a set of edges E;Ea
h node n 2 N has a property:Node Presen
e Time Series : series of positive integers;Ea
h edge e 2 E has two properties:Edge Presen
e Time Series,Travel time series : series of positive integers;�u;v(t) - travel time of edge uv at time t.Output:Best Start Time shortest route from s to d;Intialize;While Queue not Emptyv = Dequeue();For every node u su
h that uv 2 EFor every entry in the 
ost series Cu of uif Cu(t) > �uv(t) + Cv(t+ �uv(t))Update Cu(t);Enqueue(u);Update the des
endant array of u.Find the minimum entry in the node time series.Return the BestStartTime and the ShortestRoute;
N1 to N4 for start times t = 1 is 4 time units, while the best start time at thisnode is t = 4, whi
h results in a travel time of 2 time units and a best start timeshortest path N1-N2-N4. N1-N2 takes 1 time unit at t = 4, rea
hes N2 at t = 5and 
ontinues on N2-N4 at t = 5, rea
hing N4 at t = 6, taking a total traveltime of 2 time units. A more detailed tra
e is shown in Table 2.
Table 2. Tra
e of the BEST Algorithm for the Network shown in Figure 6Iteration N1 N2 N3 N4 Queue1 1� � �1 1� � �1 1� � �1 [0; 0; 0; 0; 0℄ N12 1� � �1 [1; 1; 2; 2; 1℄ [4; 4; 2; 4; 3℄ [0; 0; 0; 0; 0℄ N2; N33 1� � �1 [1; 1; 2; 2; 1℄ [2; 3; 2; 4; 3℄ [0; 0; 0; 0; 0℄ N34 [4; 3; 3; 2; 3℄ [1; 1; 2; 2; 1℄ [2; 3; 2; 4; 3℄ [0; 0; 0; 0; 0℄ N15 [4; 3; 3; 2; 3℄ [1; 1; 2; 2; 1℄ [2; 3; 2; 4; 3℄ [0; 0; 0; 0; 0℄ {
Lemma 3: The algorithm terminates and 
omputes the best start time pathsfrom every node to the destination.Proof: The algorithm terminates be
ause there is a positive minimum forthe travel time over every path, for every pair of nodes in the network sin
e theedge weights (travel times) are positive and ea
h su
h path has a �nite numberof edges. The updates on the 
osts a

ording to 
ondition(1) will generate the
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Fig. 6. Tra
e of the BEST Algorithm
optimal travel times from a node to the destination at the termination of thealgorithm. This 
an be proved by indu
tion on the number of edges on the path.The base 
ondition would be for paths with two edges, say from any node uto the destination node d. Every path with two edges from u to d will transitto some node v and then traverse the edge to d whi
h takes the least time. Ifwe assume the indu
tive hypotheses is true for every path with k edges, theminimality must hold for a path from u with (k + 1) edges sin
e we 
an rea
hnode u that with a minimal k�edge path and append uv with travel time �uv(t).Lemma 4: The 
omputational 
omplexity of the BEST algorithm isO(n2mT ),where n is the number of nodes, m is the number of edges and T is the lengthof the time series.Proof: The worst 
ase 
omputational 
omplexity of the label 
orre
ting al-gorithm based on Two-Q data stru
ture is O(n2m) when the node 
osts andedge weights are s
alar quantities [1℄. In the BEST algorithm, the relaxationstep operates on a time series (node 
ost and edge weight) of length T . Hen
ethe 
omputational 
omplexity of the algorithm is O(n2mT ).
4 Experimental AnalysisIn this se
tion, the experimental analysis of the BEST algorithm and the SP-TAG algorithm are provided. The purpose of the performan
e evaluation of thealgorithm is to 
ompare the run-times with algorithms based on a time-expandedgraph.
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Experiment Design Figure 7 illustrates the experiment design to 
omparethe performan
e of the proposed algorithm and the algorithm based on a timeexpanded network. Time expanded graphs make 
opies of the original networkfor every time instant under 
onsideration. The model used for the proposedalgorithm is time-aggregated graphs. In our experiments the following were se-le
ted as the independent parameters: 1) network size represented by number ofnodes; and 2)the length of the time interval in terms of number of time instants.The data sets have two main 
omponents: (1) the network data that 
onsistsof the graph stru
ture and (2) the travel time series. The networks 
hosen areroad maps from the Minneapolis downtown area with radii of .5 mile, 1 mile,2 miles and 3miles. This is appended with travel time series of various lengths.The travel time series were syntheti
ally generated. This data was fed to both atime expanded graph generator, whi
h generates the expanded graph en
odingthe travel time information. An algorithm for for 
omputing the shortest pathfor a given start time was run on this graph. The SP-TAG algorithm was runon the same dataset and the results were 
ompared. The time expanded graphwas then used to �nd the start time that results in the least travel time and theresults were 
ompared to the results from the BEST algorithm.The experiments were 
ondu
ted on a SUN Solaris workstation with 1.77GHzCPU, 1GB RAM and UNIX operating system. Ea
h experimental result reportedin the following se
tions is the average over 5 experiment runs with networksgenerated using the same input parameters, but with di�erent destination nodes.
4.1 Experimental Results and AnlaysisWe wanted to answer three questions: (1) How does the network size (numberof nodes, number of edges) a�e
t the performan
e of the algorithms? (2) Howdoes the length of the time series a�e
t the performan
e of the algorithms? (3)How do the the two representations, time expanded graph and time aggregatedgraph, 
ompare with respe
t to algorithm performan
e?Experiment 1: How does the network size a�e
t the performan
e of the algo-rithms?



The purpose of the �rst experiment was to evaluate how the network size interms of the number of nodes a�e
ts the performan
e of the algorithms. We�xed the length of the travel time series, and varied the network size to observethe run times of both the �xed start time(SP-TAG) and best start time(BEST)algorithms and time-expanded graph based algorithms.The experiment was done with four datasets that represent the road mapsfrom the Minneapolis downtown area of .5 mile, 1 mile, 2 mile and 3mile radius.The length of the time series was �xed at 240. The number of nodes and edges inthese datasets are provided in Table 3. Figure 8 shows the run-time of the �xed
Table 3. Des
ription of DatasetsDataset Radius No: of Nodes No: of Edges1 0.5 mile 111 2872 1 mile 277 6743 2 miles 562 14434 3 miles 786 2106
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t to Network Size
start time algorithm based on the time aggregated graph and the performan
e ofthe algorithm based on the time expanded graph. The SP-TAG algorithm runsfaster than the time-expanded graph based algorithm in all 
ases; further, itsrun-time seens to in
rease at a slower rate. Figure 9 shows the performan
e ofthe BEST algorithm and that of the time expanded graph algorithm. The runtime of the BEST algorithm is mu
h lower than that of the time expanded graphalgorithm.



Experiment 2: How does the length of the time series a�e
t the performna
e ofthe algorithms?In the se
ond experiment, we evaluated how the number of time instants a�e
tsthe performan
e of the algorithms. We �xed the network size, and varied thelength of the time series to observe the run-time. The number of time instantswas varied from 120 to 480 and the network size parameters were �xed at 562nodes and 1443 edges. As seen in Figure 10, the SP-TAG algorithm performs
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t to Length ofTime series
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t to Length of Time series
better. Figure 11 shows the performan
e of the BEST algorithm and that of thetime expanded graph algorithm. As the length of the time series in
reases, thenumber of 
opies of the entire network required in the 
ase of the time expandedgraph in
reases, resulting in a 
onsiderable in
rease in the size of the entirenetwork, leading to almost exponential in
reases in run time.3: How do the the two representations, time expanded graph and time aggregatedgraph, 
ompare with respe
t to algorithm performan
e?Based on the results of Experiments (1) and (2), it 
an be seen that algorithmsbased on the time aggregated graph perform better than those based on the timeexpanded graph.
5 Con
lusions and Future WorkSpatio-temporal networks form a key part of 
riti
al appli
ations su
h as emer-gen
y planning and there is a great need for database support in this area. Thepaper des
ribes a model to represent a spatio-temporal network and proposes twoalgorithms for shortest path 
omputations. The formulation of these algorithmsis based on a model for spatio-temporal networks 
alled time-aggregated graphs.In addition to the algorithm that 
omputes the shortest path for a given start



time, we also addressed the time-dependen
e of shortest paths in networks byformulating an algorithm that 
omputes shortest paths whi
h result in the leasttravel time over the entire time period. We also present an experimental analysisof the best start time (BEST) algorithm and the �xed start time algorithm (SP-TAG) (whi
h was proposed in [8℄). Experiments show that the algorithms basedon time aggregated graphs signi�
antly redu
e the 
omputational 
ost 
omparedto similar algorithms based on time expanded networks.We plan to evaluate the performan
e of the algorithms using real-traÆ
datasets shortly. We re
ently a
quired a dataset for interstate highway I-66.This data 
ontains time-stamped o

upan
y, speed and volume 
olle
ted from anumber of stations on I-66 on November 6, 2006 using the Advan
ed Intera
tiveTraÆ
 Visualization System [23℄. We anti
ipate that this evaluation will givenew insights into the average 
ase run time of the algorithms, whi
h we expe
tto be signi�
antly better than the worst 
ase 
omplexity, espe
ially in the 
aseof the BEST algorithm based on a label 
orre
ting approa
h. We are also plan-ning to extend our experiments with Google traÆ
 data and traÆ
 ar
hive data
olle
ted by the TraÆ
 Management Center at the University of Minnesota.The time aggregated graphs 
an a

omodate the time-varying 
apa
ities ofthe road networks. The proposed algorithms need to be extended to give opti-mal solutions subje
t to the 
onstraints of time-varying 
apa
ities. This wouldextend the use of the algorithms to domains su
h as eva
uation planning inemergen
y management, where 
apa
ity 
onstraints in the network pose signif-i
ant 
hallenges. We plan to in
lude spatial attributes at nodes and edges andin
orporate ne
essary 
hanges in the algorithms. We plan to in
orporate the al-gorithms as building blo
ks that �nd the shortest paths in the CCRP eva
uationplanner [13℄. We will also explore other graph problems in the 
ontext of timeaggregated graphs.
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