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Abstra
t. Given appli
ations su
h as lo
ation based servi
es and thespatio-temporal queries they may pose on a spatial network (e.g., roadnetworks), the goal is to develop a simple and expressive model that hon-ors the time dependen
e of the road network. The model must supportthe design of eÆ
ient algorithms for 
omputing the frequent queries onthe network. This problem is 
hallenging due to potentially 
on
i
ting re-quirements of model simpli
ity and support for eÆ
ient algorithms. Timeexpanded networks, whi
h have been used to model dynami
 networksemploy repli
ation of the networks a
ross time instants, resulting in highstorage overhead and algorithms that are 
omputationally expensive. In
ontrast, the proposed time-aggregated graphs do not repli
ate nodes andedges a
ross time; rather they allow the properties of edges and nodes tobe modeled as a time series. Sin
e the model does not repli
ate the entiregraph for every instant of time, it uses less memory and the algorithmsfor 
ommon operations are 
omputationally more eÆ
ient than for timeexpanded networks. One important query on spatio-temporal networksis the 
omputation of shortest paths. Shortest paths 
an be 
omputedeither for a given start time or to �nd the start time and the path thatlead to least travel time journeys (best start time journeys). DevelopingeÆ
ient algorithms for 
omputing shortest paths in a time variant spa-tial network is 
hallenging be
ause these journeys do not always displayoptimal pre�x property, making te
hniques like dynami
 programminginappli
able. In this paper, we propose algorithms for shortest path 
om-putation for a �xed start time. We present the analyti
al 
ost model forthe algorithm and 
ompare with the performan
e of existing algorithms.
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1 Introdu
tionThe growing importan
e of appli
ation domains su
h as transportation networks,emergen
y planning and lo
ation based servi
es highlights the need for eÆ
ientmodeling of spatio-temporal networks (e.g. road networks) that takes into a
-
ount 
hanges to the network over time. The model should provide the ne
essaryframework for developing eÆ
ient algorithms that implement the frequent oper-ations posed on su
h networks. Frequent queries on su
h networks might in
lude�nding the shortest route from one pla
e to another or a sear
h for the nearestneighbor. The shortest route would depend on the time dependent properties ofthe network su
h as 
ongestion on 
ertain road segments, whi
h would in
reasethe travel time on that segment. The result of a nearest neighbor sear
h 
ouldalso be time sensitive if it is based on a road network.Modeling su
h a network poses many 
hallenges. Not only should the modelbe able to a

ommodate 
hanges and 
ompute the results 
onsistent with theexisting 
onditions, it should do so a

urately and simply. In addition, the need toanswer frequent queries qui
kly means fast algorithms are required for 
omputingthe query results. The model should thus provide suÆ
ient support for the designof 
orre
t and eÆ
ient algorithms for frequent 
omputations.Related work in the �eld of databases fall 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 
omputation [15℄. The Network Analyst exten-sion of Ar
Map from 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 do not address the time varian
e of spatial networks, whi
h is
ru
ial in appli
ations su
h as route 
omputations and emergen
y planning. Al-though the need for live traÆ
 information is in
reasing, there has been littlework on the modeling and algorithms for spatio-temporal network databases.Choro
hronos [13℄, studied various aspe
ts of spatio-temporal databases in
lud-ing ontology, modeling, and implementation. However, resear
hers have yet tostudy spatio-temporal networks in this framework.Graph databases [5{7, 19, 23, 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, 10,18℄, and do not 
onsider the interplay between the edge travel times and theexisten
e of edges. Ding [4℄ proposed a model that addresses time-dependen
yby asso
iating a temporal attribute to every edge and node of the network sothat its state at any instant of time 
an be retrieved. This model performs path
omputations over a snapshot of the network. Sin
e the network 
an 
hange overthe time taken to traverse these paths, this 
omputation might not give realisti
solutions. It does not propose an algorithm for the least travel time paths.Resear
h in Operations Resear
h is based on the time expanded network [11,12, 14, 16, 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 next instantin addition to the edges in the original network, repli
ated for every time instant.The approa
h 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 also be
ome quite expensive.As the �rst step towards the study of spatio-temporal network databases, weproposed a spatio-temporal network model named time aggregated graph [8℄.The proposed model, a time-aggregated graph, models the 
hanges in a spatio-temporal network by 
olle
ting the node/edge attributes into a set of time series.The model 
an also a

ount for the 
hanges in the topology of the network. Theedges and nodes 
an disappear from the network during 
ertain instants of timeand new nodes and edges 
an be added. The time-aggregated graph keeps tra
kof these 
hanges through a time series atta
hed to ea
h node and edge thatindi
ates their presen
e at various instants of time. Our analysis shows that thismodel is less memory expensive and leads to algorithms that are 
omputationallymore eÆ
ient than those for the time expanded networks. Here, we build on thiswork by presenting a 
ase study of this model using a routing algorithm (SP-TAG) that 
omputes the shortest path in the given network for a given starttime.1.1 An Illustrative Appli
ation DomainAn important appli
ation domain for spatio-temporal network databases is trans-portation s
ien
e [9℄, a multi-dis
iplinary �eld that requires expertise from dif-ferent domains. The diÆ
ulty, but also fas
ination, of this professional pra
ti
ederives from the intrinsi
 
omplexity of transportation systems, whi
h have bothphysi
al and behavioral elements.The physi
al elements in the systems (e.g., ve-hi
les, infrastru
ture, et
.) are governed by the laws of physi
s. On the otherhand, the me
hanisms underlying the fun
tionality and performan
e of thesephysi
al elements are often 
onne
ted to travelers' behavioral 
hoi
es. Tradition-ally the 
enter of behavioral 
hoi
e modeling [22℄ has been user equilibrium [25℄,the idea that all travelers use the least in
onvenient routes and no individual 
anunilaterally improve his/her travel. A key assumption of user user equilibriumis that travelers have perfe
t information about road 
onditions, and indeedthis is generally true for 
ommuters, who learn re
urrent 
ongestion patternsfrom their day-to-day travels. However, the assumption does not hold when the
ongestion is non-re
urrent, in parti
ular, when an extreme event o

urs, andtransportation network 
onditions be
ome dynami
 and un
ertain. Thus one ofthe greatest 
hallenges in transportation s
ien
e is how to manage traÆ
 in time-varying transportation networks, espe
ially in disaster situations. This 
hallenge
annot be met without the development of spatio-temporal databases. Currently,transportation management generates tremendous volumes of data and a largesemanti
 gap exists between transportation s
ien
e 
on
epts and the 
on
eptssupported by 
urrent database systems. Emergen
y traÆ
 management requiresresear
h in 
omputer s
ien
e to develop appropriate spatio-temporal databaserepresentations and query pro
essing algorithms to make de
isions in a timely



manner. Popular models of emergen
y traÆ
 use time-variant 
ow-network [1℄operations like min-
ut and max-
ow [2℄. The queries typi
ally en
ountered inemergen
y traÆ
 management would involve time-variant properties, as illus-trated by Table 1.In addition to emergen
y management, many important appli
ations, in
luding
Table 1. Example Queries with Time-varian
e and Flow NetworksStati
 Time-VariantGraph Whi
h is the shortest travel Whi
h is the shortest travel(No 
apa
ity time path from Minneapolis time path from Minneapolis
onstraints) downtown to airport? downtown to airportat di�erent timesof a work day?Flow Network What is the 
apa
ity of Twin- What is the 
apa
ity of Twin-Cities freeway network to Cities freeway network toeva
uate Minneapolis downtown? eva
uate Minneapolis downtownat di�erent times in awork day?

travelers' trip planning, and 
onsumer business logisti
s need to be built uponspatio-temporal network databases. Commuters often try to �nd a suitable timeto start their 
ommute so that they spend the least time in the traÆ
. There aremany fa
tors a�e
ting the start time and the shortest route su
h as 
ongestionlevels, in
ident lo
ation, and 
onstru
tion zone. This is illustrated by the simpletime-variant network shown in Figure 1. It 
an be seen that the travel time fromnode N1 to node N2 
hanges with the start time. If the travel starts at t = 1,the 
ommute time would be 6 units; travel on the same route would take 4 unitsif the start time is moved to t = 3. This shows that the shortest paths in atime-dependent network vary with time whi
h adds a new dimension to shortestpath 
omputation whi
h 
annot be ignored. Figure 2 illustrates traÆ
 sensor
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networks on urban highways whi
h measure 
ongestion levels at two di�erenttimes (e.g. 5:07pm and 9:37pm). With the in
reasing use of sensor networksthat monitor traÆ
 data on spatial networks and the 
onsequent availability



of time-varying traÆ
 data, it be
omes important to in
orporate this data intothe models and algorithms related to transportation networks. However, existingspatio-temporal databases do not provide adequate support for spatio-temporalnetworks.The problem of time variant networks �nds similar appli
ations in business op-

Fig. 2. Sensor networks periodi
ally report time-variant traÆ
 volumes on TwinCities highways (Best viewed in 
olor, Sour
e: Mn/DOT)
erations su
h as freight delivery servi
es, one of whose main 
on
erns is to redu
elogisti
 
osts su
h as fuel 
onsumption, whi
h is in
uen
ed by road 
ongestionlevels that vary over time.
1.2 Broad Computer S
ien
e 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 variation in travel time. In addition tonetwork parameter values, the network topology 
an also 
hange with time dueto the unavailability of 
ertain road segments during some periods of time dueto repair or natural 
alamities. There are also be 
ases where the road segmentsare unavailable periodi
ally due to traÆ
 management strategies su
h as usingall lanes of a street in the same dire
tion to handle peak time 
ongestion. Con-ventional graph algorithms 
annot easily be applied to the snapshots at dis
retetime instants to evaluate frequent queries without a

ounting for relationshipsamong snapshots.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 to



represent 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 example,
onsider the optimal pre�x property (a requirement for the greedy approa
hes[2℄) for shortest paths in a graph. While ea
h pre�x path (path from a sour
enode to an intermediate node in an optimal path) is optimal in a stati
 graph, itmay not be optimal in a spatio-temporal graph due to the potential wait at theintermediate node. In the network shown in Figure 1, the best time to start ajourney from node N1 to node N3 is t = 4, whi
h takes 4 time units. The optimalpath from N1 to N3 that starts at t = 4 is not optimal for the intermediate nodeN2. The best start time for a path from N1 to N2 is t = 1, whi
h proves to besub-optimal for a journey from N1 to N3. The la
k of optimal pre�x property inbest start time shortest paths rules out the possibility of using a greedy strategyin algorithm design.Our Contributions: Our approa
h to spatio-temporal databases has the fol-lowing 
omponents:Graph Aggregation:The temporal variation in the topology and parameter values
an be represented using aggregates as edge/node attributes in the graph usedto represent the spatial network. The edges and nodes 
an disappear from thenetwork during 
ertain instants of time and new nodes and edges 
an be added.The time-aggregated graph keeps tra
k of these 
hanges through a time seriesatta
hed to ea
h node and edge that indi
ates their presen
e at various instantsof time.Query Language: A query language needs to represent 
ommon queries.A key
hallenge is to de�ne a 
omplete set of logi
al operators for the time-aggregatedgraph.Query Pro
essing: The time aggregated graph with the proposed query op-erators will be used to pro
ess queries pertaining to the domain appli
ations.A frequent query that arises in spatio-temporal networks is the shortest path
omputation. The algorithm needs to 
onsider the availability of the requirededges and nodes at the appropriate time instants. If the shortest route and theshortest route travel time are time-dependent, shortest path 
omputation 
anbe performed for a given start or it 
an �nd the least travel time path over theentire time period of interest.In this paper we des
ribe a model for spatio-temporal networks 
alled thetime aggregated graph based on graph aggregation.. The time-aggregated graphkeeps tra
k of the time-dependen
e of a graph through a time series atta
hed toea
h node and edge that indi
ates their presen
e at various instants of time. Weshow that this model has less storage requirements than time expanded networkssin
e it does not rely on repli
ation of the entire network a
ross time instants.We de�ne a set of logi
al operators based on the time aggregated graph. We also



propose an algorithm for 
omputing the shortest route from one node to anotherbased on this model.1.3 S
ope and Outline of the PaperThe paper presents a model for spatio-temporal networks 
alled time aggregatedgraphs.The rest of the paper is organized as follows. Se
tion 2 dis
usses the basi

on
epts of the proposed model. This se
tion provides an explanation of themodel based on graph aggregation and the logi
al data model. It also exploresdesign 
hoi
es for the physi
al representation of the model and provides a 
om-parison of the 
hoi
es in the 
ontext of various logi
al operations. Se
tion 3proposes an algorithm for the shortest path 
omputation based on this model.It also proposes the 
ost model for this algorithm. In se
tion 4, we 
on
lude anddes
ribe the dire
tion of future work.
2 Basi
 Con
eptsSpatial networks that show time-dependen
e serve as the underlying networksfor most lo
ation based servi
es. Traditionally graphs have been extensively usedto model spatial networks (e.g. road networks) [19℄; weights assigned to nodesand edges are used to en
ode additional information. In a real world s
enario,it is not un
ommon for these network parameters to be time-dependent. For-mulation of 
omputationally eÆ
ient and 
orre
t algorithms for the shortestpath 
omputation that takes into a

ount the dynami
 nature of the networksis important. Models of these networks need to 
apture the possible 
hanges intopology and values of network parameters with time and provide the basis forthe formulation of 
omputationally eÆ
ient and 
orre
t algorithms for the fre-quent 
omputations like shortest paths. Given the set of frequent queries posedby an appli
ation on a spatial network and the patterns of variations of thespatial network with time, we need to �nd a model that supports eÆ
ient and
orre
t algorithms for 
omputating the query results, while trying to minimizethe storage and 
ost of 
omputation. In this se
tion we dis
uss the basi
s ofthe model used to represent spatial networks 
alled "time aggregated networks"[8℄. The algorithm presented in this paper is formulated based on this model.Time aggregated graphs 
an not only 
apture the time-dependen
e of networkparameters, but also a

ount for the possibility of edges and nodes being absentduring 
ertain instants of time.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 determine the edge is ordered, thegraph is dire
ted; if it is not, the graph is undire
ted. In most 
ases, additionalinformation is atta
hed to the nodes and the edges. In this se
tion, we dis
uss



how the time dependen
e of these edge/node parameters are handled in theproposed model, the time-aggregated graph.We de�ne the time-aggregated graph as follows.
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Fig. 3. 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 ) whereN is the set of nodes,E is the set of edges,TF is the length of the entire time interval,f1 : : : fk are the mappings from nodes to the time-series asso
iated with thenodes,g1 : : : gl are mappings from edges to the time series asso
iated with the edges,andw1 : : : wp indi
ate the time dependent weights (eg. travel times) on the edges.Ea
h edge has an attribute, 
alled an edge time series that represents the timeinstants for whi
h the edge is present. This enables the time aggregated graphto model the topologi
al 
hanges of the network with time. We assume that ea
hedge travel time has a positive minimum and the presen
e of an edge at timeinstant t is valid for the 
losed interval [t; t+ �℄.Figure 3(a,b,
) shows a network at three time instants. The network topologyand parameters 
hange over time. For example, edge N3-N4 is present at timeinstants t = 1; 3, and disappears at t = 2 and its weight 
hanges from 1 at t = 1to 4 at t = 3. The time aggregated graph that represents this dynami
 network isshown in Figure 3(d). In this �gure, edge N3-N4 has two attributes, both being



a series. The attribute (1; 3) represents the time instants at whi
h the edge ispresent and [1;1; 4℄ is the weight time series, indi
ating the weights at variousinstants of time. Figure 4(a) shows the time aggregated graph (
orresponding
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to Figure 3(a),(b),(
)) and the time expanded graph that represent the sames
enario. Edge weights in a time expanded graph are not expli
itly shown asedge attributes; instead they are represented by edges that 
onne
t the 
opiesof the nodes at various time instants. For example, the weight 1 of edge N1-N2at t = 1 is represented by 
onne
ting the 
opy of node N1 at t = 1 to the 
opyof node N2 at time t = 2. The time expansion for the example network needsto go through 7 steps sin
e the latest time instant would end in the network isat t = 7. For example, the traversal of edge N3-N4 that starts at t = 3 ends att = 7, the travel time of the edge being 4 units. The number of nodes is larger bya fa
tor of T , where T is the number of time instants and the number of edgesis also larger in number 
ompared to the time-aggregated graph. If the value ofT is very large in a spatial network, it would result in enormously large timeexpanded networks and 
onsequently slow 
omputations.
2.2 A Logi
al Data ModelBasi
 Graph OperationsWe extend the logi
al data model des
ribed in [19℄ to in
orporate the time de-penden
e of the graph model. The framework of the model 
onsists of two dimen-sions (1) graph elements, namely node, edge, route and graph and (2) operator
ategories that 
onsist of a

essors, modi�ers and predi
ates. A representativeset of operators for ea
h operator 
ategory is provided in Tables 2, 3 and 4.Table 2 lists a representative set of `a

ess' operators. For example, the operatorgetEdge(node1,node2,time) returns the edge properties of the edge from nodenode1 to node node2, su
h as the edge identi�er (if any) and asso
iated param-eters at the spe
i�ed time instant. For example operator getEdge(N1,N2,1) on



Table 2. Examples of Operators in the A

essor Categoryat time at all time at earliestNode get(node,time) get node(node) get node earliest Presen
e(node,time)Edge getEdge(node1,node2,time) get edge(node1,node2) get edge earliest Presen
e(node1,node2,time)Route getRoute(node1,node2,time) get route(node1,node2) get route earliest Presen
e(node1,node2,time)Graph get Graph(time) get Graph() |
the time-aggregated graph shown in Figure 3 would return the travel time of theedge N1-N2 at t = 1, that is 1. Similarly, get edge(node1,node2) returns the edgeproperties for the entire time interval. In Figure 3, the operator get edge(N1,N2)would result in (1; 1;1). get edge earliest(N3,N4,2) returns the earliest time in-stant at whi
h the edge N3-N4 is present after t = 2 (that is t = 3). Table 3

Table 3. Examples of Operators in the Modi�er Cateforyinsert delete modifyat time at all time at time at all time at time at all timeNode insert(node, insert(node, delete(node, delete(node) update(node, update(node,time,value) valueseries) time) delete(node) time,value) valueseries)Edge insert(node1, insert(node1, delete(node1, delete(node1, update(node1, update(edge,node2, node2, node2, ,node2) node2,time valueseries)time,value) valueseries) ,time) ,node2) value)Route insert(node1, insert(node1, delete(node1 delete(node1,node2,time) ,node2) ,node2,time) node2)Graph insert(graph insert(graph) delete(graph, delete(graph) update(graph, update(graph)time) insert(graph) time) delete(graph) ,time)
shows a set of modi�er operators that 
an be applied to the time aggregatedgraphs. For example, Figure 5(a) and (b) show a time aggregated graph beforeand after the insert(N1,N4,3,4) operation. this operation inserts edge N1-N4 attime instant t = 3 and the edge 
ost is 4. We also de�ne two predi
ates on thetime-aggregated graph.exists at time t: This predi
ate 
he
ks whether the entity exists at the starttime instant t.exists after time t: This predi
ate 
he
ks whether the entity exists at a timeinstant after t.Table 4 illustrates these operators. For example, node v is adja
ent to node uat any time t if and only if the edge (u; v) exists at time t as shown in the table.exists(N1,N2,1) on the time aggregated graph in Figure 3 returns a "true" sin
ethe edge N1-N2 exists at t = 1.
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We list below, the fundamental entities in graphs, namely, Graph, Node, andEdge and a series of 
ommon operations that are asso
iated with ea
h 
lass.publi
 
lass Graph {publi
 void add(Obje
t label, timestamp t);// node with the given label is added at the time instant t.publi
 void addEdge(Obje
t n1, Obje
t n2, Obje
t label,timestamp t, timestamp t_time)// an edge is added with start node n1 and end node n2 at// time instant t and travel time, t_time.publi
 Obje
t delete(Obje
t label, timestamp t)// removes a node at time t and returns its label.publi
 Obje
t deleteEdge(Obje
t n1, Obje
t n2, timestamp t)// deletes the edge from node n1 to node n2 at t.publi
 Obje
t get(Obje
t label, timestamp t)// returns the label of the node if it exists at time t.publi
 Iterator get_node_Presen
e_Series(Obje
t n1)// the presen
e series of node n1 is returned.publi
 Obje
t getEdge(Obje
t n1, Obje
t n2, timestamp t)



// returns the edge from node n1 to node 2 at time instant t.publi
 Iterator get_edge_Presen
e_Series(Obje
t n1, Obje
t n2)// the presen
e series of edge from node n1 to node n2// is returned.publi
 Obje
t get_a_Su

essor_node(Obje
t label, timestamp t)// an adja
ent node of the vertex is returned if an edge exists// to this node at a time instant at or after t.publi
 Iterator get_all_Su

essor_nodes(Obje
t label, timestamp t)// all adja
ent nodes are returned if edges exist to them// at time instants at or after t.publi
 Obje
t get_an_earliest_Su

essor_node(Obje
t label,timestamp t)// the adja
ent node whi
h is 
onne
ted to the given node with// the earliest time stamp after t is returned.publi
 timestamp get_node_earliest_Presen
e(Obje
t n1,timestamp t)// the earliest time stamp after t at whi
h the node n1// is available is returned.publi
 timestamp get_node_Presen
e_after_t(Obje
t n1,timestamp t)// Part of the presen
e time series of node n1 after time t// is returned.
publi
 timestamp get_edge_earliest_Presen
e(Obje
t n1, Obje
t n2,timestamp t)// the earliest time stamp after t at whi
h the edge from// node n1 to node n2 is available is returned.publi
 timestamp get_edge_Presen
e_after_t(Obje
t n1, Obje
t n2,timestamp t)// Part of the presen
e time series of edge(n1-n2) after time t// is returned.} A few important operations asso
iated with the 
lasses Nodes and Edgesare p rovided below.publi
 
lass Node {publi
 Node(Obje
t label, timestamp t)



// the 
onstru
tor for the 
lass. A node with the appropriate// label is 
reated at the time t.publi
 Obje
t label()// returns the label asso
iated with the node if it exists at t.}publi
 
lass Edge {publi
 Edge(Obje
t n1, Obje
t n2, Obje
t label,timestamp t_inst, timestamp t)// the 
onstru
tor for the 
lass. an edge is added with start// node n1 and end node n2 at time instant t and// travel time, t_time.publi
 Obje
t start()// returns the start node of the edge.publi
 Obje
t end()// returns the end node of the edge.}2.3 Physi
al Data ModelA stati
 graph G = (V;E) 
an be represented using an adja
en
y matrix. Thisis a jV j � jV j matrix, A su
h that the element aij is de�ned asaij = wij if ij 2 E and wij is the weight of the edge ij andaij = 0, otherwise. This representation requires O(N2) memory. It 
an be seenthat the storage required for this representation is independent of the number ofedges in the graph, in relation to the number of nodes. In other words, there isno saving in memory even when the graphs are sparse. One representation that
an exploit su
h sparsity is the adja
en
y list representation. The adja
en
y listrepresentation of a graph G = (V;E) 
onsists of an array of lists, one for ea
hvertex v 2 V . The list 
orresponding to a vertex v 
ontains all verti
es that areadja
ent to v in G. For a dire
ted graph, the spa
e requirement for the lists isO(m) wherem = jEj. The total memory requirement is O(n+m) where n = jV j.The weight of ea
h edge uv is stored with the vertex v in u's adja
en
y list. Thisrepresentation is espe
ially suitable for sparse graphs.Time aggregated graphs 
an be represented by either one of the represen-tation, with the ne
essary modi�
ations. These representations need to be ex-tended to in
lude the time series representations on edges (
orresponding to timedependent edge 
osts) and nodes. Adja
en
y list representation is extended byadding a list to ea
h vertex in the adja
en
y list. Adja
en
y list representationuses an array of pointers one pointer for ea
h node. The pointer for ea
h nodepoints to a list of immediate neighbors. Stored at ea
h neighbor node are theedge presen
e series and travel times for the edge starting from the �rst node tothis neighbor. Sin
e the length of the time series is T , where T is the length of



the time period, the adja
en
y list representation would require O((m + n)T ),where n is the number of nodes and m is the number of edges.To extend the adja
en
y matrix to represent the time aggregated graph, athird dimension 
an be added. The new matrix A would be n�n�T , requiringO(n2T ) memory.Figure 6 (a) and (b) show the adja
en
y list and adja
en
y matrix representa-
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Fig. 6. Storage Stru
tures for Time Aggregated Graph
tions for the time aggregated graph shown in Figure 3. For example, the edgeN1-N2 in the graph at t = 1 is represented by the pointer from N1 to N2 in theadja
en
y list. The array (1; 2;1) is stored at N2 to represent the travel timesat t = 1; 2; 3 for the edge N1N2. In the adja
en
y matrix the presen
e of edge



N1N2 at a time instant t = 1 is represented by A[1; 2; 1℄ = 1, sin
e the traveltime for the edge is 1 unit at t = 1. Sin
e the edge is absent at an instant t = 3,A[1; 2; 3℄ = 1 whi
h indi
ates an in�nite edge 
ost at time instant t = 3. Notethat the start node, the end node and the time instant are represented by the�rst, se
ond and the third dimension of the matrix. Though the adja
en
y ma-trix has been illustrated as three snapshots in Figure 6(b) for the sake of 
larity,they are represented in one, three-dimensional matrix.Logi
al operations on a time-aggregated graph 
an be 
lassi�ed as1. Topology �rst operators (graph dominated operations). Examples in
ludeget route(n1,n2) and get edge(n1,n2).2. Time-�rst operators (Time dominated queries).Some examples are get Graph(time t) and get edge at t(n1,n2,t).Both representations are equally 
apable of handling graph dominated queries.To 
ompute time �rst operations (snapshot queries su
h as to �nd the graph ata given time instant), adja
en
y matrix representation is more suitable. In thisrepresentation, these queries represent the time sli
es of the matrix at the giventime instants.Graphs representing transportation networks are generally sparse and hen
eadja
en
y list representation is more likely to be storage eÆ
ient 
ompared toadja
en
y matrix representations. The 
hoi
e is hen
e a tradeo� between thestorage 
ost and the frequen
y of time dominated queries. We expe
t routequeries (whi
h are topology �rst queries) to be more frequent and sin
e adja-
en
y list representation is 
apable of handling these, based on storage 
osts,we used adja
en
y lists in our implementations. Moreover, most databases useadja
en
y list representation.Comparison of Storage Costs with Time Expanded Networks:A

ording to the analysis in [20℄, the memory requirement for time expandednetwork is O(nT ) + O((n + m)T ), where n is the number of nodes and m isthe number of edges in the original graph. The framework of a time aggregatedgraph would require a memory of O(n+m), where n is the number of nodes andm is the number of edges. Edges and nodes with time-varying attributes haveattribute time series asso
iated with them. If the average length of the timeseries is �(� T ), the memory required is O(�m + �n), assuming an adja
en
ylist representation. The total memory requirement for a time aggregated graphis O(n+m+�m+�n). This 
omparison shows that the memory usage of time-aggregated graphs is less than that of time expanded graphs if � < T .
3 Shortest Path Computation for Time AggregatedGraphs (SP-TAG Algorithm)In a time dependent network, the shortest path and its traversal time are depen-dent on the start time at the sour
e node. Though it is 
ommon to apply greedy



strategies in optimization problems su
h as shortest path 
omputation, this ap-proa
h presents a 
hallenge in time aggregated graphs, where not all shortestpaths display an optimal sub-stru
ture. Figure 7 gives an example. For the sakeof simpli
ity, the travel times are assumed to be 
onstant in this example. It 
an
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Fig. 8. Corre
tness of SP-TAG Algo-rithm
be seen that a shortest path (N1-N3-N4-N5) from N1 to N5 for the start timet = 1, whi
h takes 5 time units does not display optimal substru
ture. The pathfrom N1 to N4 following the above path is not optimal (shortest path being, N1-N2-N4). Although su
h paths that do not display optimal sub-stru
ture 
ouldexist, it 
an be proved that there is at least one optimal path whi
h satis�es theoptimal sub-stru
ture property [8℄.Lemma 1: There is at least one optimal path whi
h satis�es the optimal sub-stru
ture property.Proof:As Figure 7 illustrates, a shortest path fails to display optimal stru
tureof due to a potential wait at intermediate node (u), after rea
hing this nodetraversing the optimal path from s to u. Consider the optimal path from s to u.Append this path to the path u � d (allowing a wait at the intermediate nodeu) from the optimal path. This would still be the shortest path from s to d.Otherwise, it will 
ontradi
t the optimality of the original shortest path.This result enables us to use a greedy approa
h to 
ompute the shortest path.The algorithm, 
alled SP-TAG uses greedy strategy to �nd the shortest path fora �xed start time. Every node has a 
ost asso
iated with it whi
h represents thetravel time to rea
h the node from the sour
e node. The algorithm pi
ks the nodewith the least 
ost and updates the 
osts of its adja
ent nodes. While �ndingthe adja
ent nodes, ea
h edge is sele
ted at its earliest available time instant(get edge earliest Presen
e operation in the algorithm des
ription). A tra
e ofthe algorithm is given in table 5. The table entries are the 
osts asso
iated withea
h node (representing the arrival times at the node) at ea
h iteration. Thenode marked as \
losed" is the node with minimum 
ost sele
ted for expansion.The travel times are assumed to follow the FIFO property.Lemma 2: The SP-TAG algorithm is 
orre
t.Proof:The proof of 
orre
tness of the algorithm whi
h follows a greedy strategy



Algorithm 1 Shortest Path (SP-TAG) AlgorithmInput:1) G(N;E): a graph G with a set of nodes Nand a set of edges E;define type nn positive integerEa
h node n 2 N has one property:NodePresen
eT imeSeries : series of nnEa
h edge e 2 E has two properties:Edge Presen
e T imeSeries,Travel time series : series of nn�u;v(t) - travel time of edge uv at time t.2) s: Sour
e node, s � NG;3) d: Destination node, d � NG;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(Q; s);//Q is a min-heap.while Q not empty fu = extra
t min(Q);for ea
h node v adja
ent to u do ft = get edge earliest Presen
e(u; v; 
u);� = get edge(u; v; t);relax(u; v; �);insert(Q; v) if v is relaxed;gupdate(Q);gggOutput the route from s to d.
follows the proof of 
orre
tness for Dijkstra's algorithm to �nd the shortest pathfrom a sour
e node to a destination. The key di�eren
e in time aggregated graphis that ea
h edge has a presen
e series. SP-TAG employs a greedy approa
hwhere it sele
ts the earliest available time instant as the traversal time of theedge. Sin
e waits are permitted at intermediate nodes, this admissible approa
hdoes not violate the optimality of the shortest path even while 
onsidering thetime-dependen
e of edge presen
e.To prove the 
orre
tness of the algorithm, we need to show that the 
ost of anode, when it is 
losed, is the shortest path distan
e to the node. This 
an beproved by indu
tion on the set of 
losed nodes (S in Figure 8). Let v be the nextnode to be 
losed. Suppose the 
ost of node v was last updated when node xwas added to S and v is adja
ent to x. When x was added to S, a shorter path



Table 5. Tra
e of the SP-TAG Algorithm for the Network shown in Figure 7Iteration 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)
to v through x was dis
overed. Assume that the 
ost of v is not the shortestpath 
ost. This would be due to the existen
e of a path s � � � y � � �xv as shownin Figure 8. Sin
e x was 
losed before y, the shortest path to x is inside S byindu
tive hypothesis. Therefore, the length of the path from s to v through y
annot be shorter that the path s � � �xv. The 
ost of v 
annot be further redu
edby forming a path through nodes outside S. hen
e, the 
ost of the node when itis 
losed is the shortest path distan
e to the node.Lemma 3: The time 
omplexity of the SP-TAG algorithm is O(m(logT+log n))where T is the number of time instants, n is the number of nodes and m is thenumber of edges in the time aggregated graph.Proof:The 
ost model analysis assumes an adja
en
y list representation of thegraph with two signi�
ant modi�
ations. The edge time series is stored in thesorted order. Atta
hed to every adja
ent node in the linked list are the edge timeseries 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 timeexpanded network is O(nT log T +mT ) [3℄. Assuming a sparse graph where mis O(n), nT log T < m log T . The SP-TAG algorithm is faster than the algorithmbased on time expanded graph if m logn < mT . In other words, the SP-TAGalgorithm is faster if logn < T .
3.1 Summary of Experimental Evaluation:An experimental analysis of the SP-TAG algorithm was performed to 
ompareits run-time with an algorithm based on a time-expanded graph. Time expandedgraphs make 
opies of the original network for every time instant under 
onsider-ation. In our experiments the following were sele
ted as the independent param-eters: 1) network size represented by the number of nodes; and 2)the length ofthe time interval in terms of number of time instants. The networks 
hosen wereroad maps from the Minneapolis downtown area in USA with radii of .5 mile, 1mile, 2 miles and 3miles. This was appended with travel time series of variouslengths. The travel time series were syntheti
ally generated. This data was fed



to both a time expanded graph generator, whi
h generates an expanded graphen
oding of the travel time information. An algorithm for 
omputing the shortestpath for a given start time was run on this graph. The SP-TAG algorithm wasrun on the same dataset and the results were 
ompared. The experiments were
ondu
ted on a SUN Solaris workstation with 1.77GHz CPU, 1GB RAM andUNIX operating system. The experimental results reported are the average over5 experiment runs with networks generated using the same input parameters,but with di�erent destination nodes.Experimental Results and AnlaysisWe wanted to answer two questions: (1) How does the network size (number ofnodes, number of edges) a�e
t the performan
e of the algorithms? (2) How doesthe length of the time series a�e
t the performan
e of the algorithms?In the experiment to evaluate the e�e
t of network size on the performan
e ofthe algorithm, we �xed the length of the travel time series and varied the networksize to observe the run times of the SP-TAG algorithm and time expanded graphbased algorithm. Figure 9 shows the run-time of the �xed start time algorithm

111

R
u

n
 t

im
e
 i
n

 s
e
c
o
n

d
s
 (
lo

g
 s

c
a
le

)

Time Expanded Graph 

277 562 786

1000

100

10

1

0.1

Number of Nodes

SP−TAG Algorithm

Fig. 9. SP-TAG Algorithm: Run-time With Respe
t to Network Size
1

10

100

1000

10000

120 240 360 480

Length of Time Series

R
u

n
 t

im
e
 i
n

 s
e
c
o
n

d
s
 (
lo

g
 s

c
a
le

)

Time Expanded Graph 

SP−TAG Algorithm
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based on the time aggregated graph and the performan
e of the algorithm basedon the time expanded graph. As 
an be seen, the SP-TAG algorithm runs fasterthan the time-expanded graph based algorithm in all 
ases; further, its run-timeseems to in
rease at a slower rate.In the se
ond experiment, we evaluated how the number of time instantsa�e
ts the performan
e of the algorithms. We �xed the network size, and variedthe length of the time series to observe the run-time. The number of time instantswas varied and the network size parameters were �xed. As seen in Figure 10, theSP-TAG algorithm performs better.Dis
ussion: Due to the interplay between the travel times and the availabilityof the edges, the shortest path displays some interesting properties. Considerthe time aggregated graph shown in Figure 11. Assume that edges are present



N1 N2 N3
[1,2,3,,,,T]

(1,1,1....)

[1,2,3....T]

(1,5,1,...)Fig. 11. Illustration of E�e
t of non-FIFO travel times
at all time instants. The travel times are time dependent as shown in the 
osttime series. For example, the travel time of edge N2-N3 is 5 units at t = 2 and1 unit at t = 3. Consider a journey that starts at t = 1 at node N1. It rea
hesnode N2 at t = 2. Sin
e edge N2-N3 is available at t = 2 (this being the earliestavailability), the greedy algorithm would traverse the edge at t = 2 rea
hingnode N3 at t = 7, travel time being 5 time units at t = 2. If the algorithmhad made a de
ision to wait at N2 until t = 3, N3 would be rea
hed at t = 4.This indi
ates that the travel times should follow the FIFO property for thegreedy algorithm to 
ompute the optimal path. Though the FIFO property issatis�ed by travel times in most situations, strategies 
an be explored to handlenon-FIFO travel times also.
4 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.The paper des
ribes a model based on time aggregation to represent a spatio-temporal network and proposes an algorithm for shortest path 
omputation.It also de�nes a set of logi
al operators on the time aggregated graphs. Wepresent an analyti
al evalution of the shortest path algorithm and storage 
ostrequirements of the proposed time aggregated graph. Evaluation shows that thealgorithms based on time aggregated graphs signi�
antly redu
e the 
omputa-tional 
ost 
ompared to similar algorithms based on time expanded networksand the model is less memory expensive than the existing models.We plan to evaluate the performan
e of the algorithms using real-traÆ
 datasetsshortly. We expe
t this evaluation to give new insights into the average 
ase runtime of the algorithms, whi
h we expe
t to be signi�
antly better than the worst
ase 
omplexity. We believe that time aggregated graphs 
an a

omodate thetime-varying 
apa
ities of the road networks. The proposed algorithms need tobe extended to give optimal solutions subje
t to the 
onstraints of time-varying
apa
ities. This would extend the use of the algorithms to domains su
h aseva
uation planning in emergen
y management, where 
apa
ity 
onstraints inthe network pose signi�
ant 
hallenges. Flow networks [1℄ have been extensivelyused in eva
uation planning. We plan to use time aggregated graphs to repre-sent time-varian
e in 
ow networks. Time-varian
e poses novel 
hallenges for
ow network operations by introdu
ing alternative interpretations of traditionaloperations. Consider a query to identify bottlene
k 
apa
ity of a transportationnetwork (modeled as a minimum 
ut) shown in Figure 12 at two time instants T



and T+1. The numbers asso
iated with various edges represent their 
apa
ities.At time T, the bottlene
k (i.e., minimum 
ut) of this network is 2 for 
ows start-ing from node S towards destination node T as shown in Figure 12(a). At timeT+1, the bottlene
k 
hanges to 4 as shown in Figure 12(b). Thus, the minimum-
ut of this time-variant 
ow-network may be a fun
tion of time. A database mayallow aggregate queries over time-variant network-
ow properties like min-
ut.Figure 12(
) shows an example of a query to �nd an average among time variantmin-
uts with temporal range. We also plan to in
orporate the algorithms as
S
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SELECT AVERAGE(MINCUT(node, edge(t)))
FROM node, edge
WHERE t BETWEEN T AND T+1;
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Fig. 12. Two Min-
ut graphs with time variant 
apa
ity and a query example
building blo
ks that �nds the shortest paths in the CCRP eva
uation planner[14℄. We will also explore other graph problems in the 
ontext of time aggregatedgraphs. We would explore ways to in
lude spatial attributes at nodes and edgesand in
orporate ne
essary 
hanges in the algorithms.Spatial properties need to be represented in the time aggregated graph, whi
hmight add to the e�e
tiveness of the model and may lead to the formulation ofeÆ
ient algorithms. For example, the spatial lo
ation of a node 
an be repre-sented as a node attribute. We plan to explore e�e
tive ways to in
orporatespatial properties of nodes and edges in the model. We also plan to in
lude op-erators that handle time intervals as parameters.
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