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Abstract: Urban congestion patterns have become ubiquitous and complex.  Traditional, 
“static” approaches are no longer adequate for analyzing network flows and conducting 
minimum cost routing.  This paper reports on a GIS-based decision support tool for 
modeling dynamic network congestion and conducting minimum cost routing.  The 
system predicts network flows at a detailed level of temporal resolution, capturing 
dynamic congestion propagation effects.  A Route Planner module solves for the 
combined departure time and minimum cost routing required for a trip to reach its 
destination by a given deadline.  The GIS provides effective decision support through its 
database management capabilities, graphical user interfaces and cartographic 
visualization.  This supports analyses of "what-if?" scenarios for strategic planning and 
tactical management subject to unplanned network disturbances. 

 
 



 1

1. Introduction 

There is little question that traffic congestion is a severe and growing problem in many 

urban areas across the globe.  This unfortunate trend is likely to continue through the 

foreseeable future.  In addition to its increasing incidence, congestion is also exhibiting 

pronounced spatio-temporal complexity due to changing usage of urban space and the 

daily time cycle for employment and social activities (Cervero 1986; Hanson 1995).  

These changes are confounding the traditional tools used for public sector transportation 

and land use planning as well as private sector logistical analysis. 

Most of the transportation analysis tools used in public sector planning are based 

on a “static” view of network flows and travel costs.  For example, most transportation 

and land use forecasting tools assume implicitly or explicitly that network flows reach a 

steady-state equilibrium; this is explicit in the commonly-used Wardrop’s “user optimal” 

principle for network assignment (Wardrop 1952).  While viable historically, this is an 

increasingly unrealistic treatment of contemporary urban transportation networks.  As 

Robert Dial eloquently states, “…a static model of congestion is an oxymoron” (Dial 

1995).  While intelligent transportation systems (ITS) offer some promise in capturing 

realistic depictions of urban network flows, these systems can only report on traffic 

conditions in (near) real-time and do not forecast future flows resulting from changes in 

land use, infrastructure, transportation policy or demographics.   

Similarly, private sector analysts solving tactical logistical problems typically 

conduct routing and scheduling using static network travel costs.  The inaccuracy of the 

resulting solutions is exacerbated by the increasing reliance on just-in-time (JIT) 

procurement, production and distribution systems.  An unplanned network disruption 

such as construction or accidents can propagate delays through the system and interfere 

with the intricate shipment timings required for JIT systems. 

Clearly, new planning and logistical tools are required that capture dynamic 

congestion patterns in urban transportation networks.  This paper reports on a GIS-based 

dynamic traffic assignment (DTA) decision support system, GIS-DTA, for dynamic 

congestion modeling and minimum cost routing.  The system uses a discrete-time 

dynamic network assignment procedure to predict network flow at a detailed level of 

temporal resolution.  Given an arrival deadline and destination, a Route Planner module 
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estimates the combined departure time and minimum cost route based on the predicted 

dynamic traffic flows.  The system can also assess the impact of unplanned network 

disruptions on network congestion, routing and estimated arrival times, supporting “what-

if?” scenario modeling.   

The next section of this paper reviews properties of urban network congestion and 

methods for network flow modeling, emphasizing the need for dynamic congestion 

predictions.  Section 3 describes the methodology and system configuration used for 

developing the dynamic congestion module within GIS-DTA.  Section 4 shows some 

preliminary results.  Section 5 concludes the paper with some summary comments and 

directions for continued system development. 

 

2. Literature Review 

2.1. Urban Transportation Congestion  

Traffic congestion has become a very undesirable aspect of urban living throughout the 

world.  The increasing level of traffic congestion in urban areas is creating substantial 

negative externalities to firms and individuals.  Firms suffer losses in productivity due to 

lengthy commute times for employees and difficulties in operating intricately-timed 

logistical operations such as “just-in-time” (JIT) procurement, distribution and production 

systems.  In addition to degrading the quality-of-life for individuals, traffic congestion 

restricts accessibility to recreation, shopping, employment and other opportunities in 

urban areas by reducing the amount of time available for these activities.  At the extreme, 

urban traffic congestion can cause serious harm to property and lives since response 

times for emergency vehicles can be highly uncertain due to unforeseen traffic congestion 

incidences.  

Unfortunately, urban traffic congestion will likely worsen over the foreseeable 

future due to structural trends in both developed and developing regions of the world.  

Although population growth is tapering in many developed regions of the world, urban 

congestion is continuing to worsen due to continued suburbanization and increasing 

intensive use of the automobile.  In developing regions, these trends combine with rapid 

population growth and rural-to-urban migration to create transportation systems that 

operate at near-standstill for substantial portions of the day.  Consequently, in most urban 
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areas, increases in transportation system capacity cannot match the corresponding 

increases in the volume of vehicles (Cervero 1986; Hanson 1995).  

Traffic congestion patterns have become spatially and temporally complex.  In the 

past, avoiding congestion was a simple matter of avoiding travel from the urban 

periphery to the core during the morning commute and the reverse during the afternoon 

commute.  However, this simple spatio-temporal congestion pattern is being supplanted 

by less intuitive patterns.  Congestion is becoming more geographically dispersed, even 

ubiquitous, due to declines in manufacturing employment relative to more geographically 

dispersed service sector employment.  Service sector employment is also more dispersed 

temporally, with the traditional daily business cycle being replaced by “round-the-clock” 

employment cycles.  Another complicating factor is a rapid increase in non-work trips 

relative to work trips (Cervero 1986; Hanson, 1995). These trends are combining to 

create complex congestion patterns being spread to all parts of an urban area as well as to 

other times of the day beyond the traditional morning and evening peak periods.  

Traffic congestion is a dynamic phenomenon.  Congestion does not occur 

everywhere, all-at-once.  Instead, congestion occurs in specific locations and a propagates 

through network over time as congested conditions on a link spread to nearby links.  In 

addition, since many urban transportation networks are operating at near capacity, they 

are especially vulnerable to congestion occurring as the result of unplanned incidents 

such as accidents and infrastructure failures (e.g., bridge closings, construction).  These 

incidents result in congestion patterns that propagate from a localized incident through 

many portions of the network, potentially resulting in serious flow disruption.   

The increasing ubiquity and complexity of urban congestion combined with its 

severe negative impacts suggests the need for new tools to analyze and predict congestion 

patterns.  These tools are important both for tactical operations and strategic planning.  

Tactical operations such as JIT systems require tools for optimal routing and timing given 

expected traffic patterns.  Also important is the ability to perform “what if?” scenario  

modeling to assess the robustness of tactical plans subject to unplanned incidences (e.g., 

accidents, bridge closings) and their effects on congestion patterns.  Technologies such as 

intelligent transportation systems (ITS) that attempt to improve transportation efficiency 

also require methods for predicting future congestion patterns if intelligent travel 
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recommendations are to be disseminated to travelers.  Strategic transportation and land-

use planning also requires methods for assessing the congestion patterns that result from 

new transportation system components or land use activities.  

 

2.2. Equilibrium Analysis of Congested Networks 

An effective approach to modeling transportation network congestion is through 

equilibrium analysis.  The equilibrium approach captures the relationship between users’ 

travel decisions and network performance.  In congested networks, each user’s route 

choice influences the travel cost of other users due to induced delays.  Adjustments occur 

between users’ decisions and network performance until a balanced pattern is achieved.  

This pattern is a network equilibrium in the sense that each traveler has no future 

incentive to change their route choices unless some external disturbance occurs (Sheffi, 

1985).  Empirical evidence, albeit limited in scoped, supports the existence of network 

equilibrium (Florian and Nguyen, 1976).  Although not necessarily accurate with respect 

to predicting individual behavior, equilibrium methods can reproduce aggregate system 

properties and structural trends in a manner sufficient for tactical and strategic decision 

making. 

The fundamental model of congested network equilibria is the user optimal (UO) 

principle, originally due to Wardrop (1952).  UO requires that, at network equilibrium, no 

traveler can reduce his or her travel costs by unilaterally changing routes.  An equivalent 

statement of this condition is that all used routes between an origin-destination (O-D) pair 

have the same, minimal cost and no unused route has a lower cost.  Effective algorithms 

exist that solve for the network flows that correspond to the UO pattern; these include the 

convex combinations method, originally due to Frank and Wolfe (1956) (see Sheffi 

(1985) for an excellent introduction to this method).   

The standard, “static” UO approach is most appropriate for long-term 

infrastructure planning and policy.  It assumes a "steady-state" equilibrium and therefore 

cannot capture detailed temporal and spatial dynamics.  However, these dynamics are 

important for capturing congestion patterns and properties plague many urban areas 

(Ben-Akiva 1985).  
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2.3. Dynamic Network Flow Modeling 

The weakness of the steady state assumption in the UO condition has been long 

recognized by transportation researchers.  Initial work on developing dynamic flow 

models began in the late seventies with Merchant and Nemhauser’s (1978a, 1978b) 

pioneering work.  Little progress was achieved during the subsequent decade, probably 

due to the problem’s computational complexity and a lack of applications for the 

methods.  This changed a decade later with the advent of the intelligent vehicle highway 

system (IVHS) program in the United States, now officially known as the ITS program.  

The power of computational platforms have also increased substantially, allowing 

researchers to solve dynamic flow patterns in increasingly realistic networks.  Several 

approaches to the dynamic network flow problem have emerged, including: i) simulation-

based approaches; ii) optimal control theory; iii) variational inequality; iv) dynamic 

systems approaches; and, v) mathematical optimization. 

Simulation-based dynamic network flow modeling uses numerical methods to 

predict dynamic flow and network performance, often within a traditional iterative flow 

assignment procedure such as incremental assignment.  Several systems have been 

developed, including DynaMIT (Massachusetts Institute of Technology 1996) and 

DYNASMART (Mahmassani and Peeta, 1993, 1995; Jayakrishnan et al. 1994; Hu and 

Mahmassani, 1995). Simulation models can approximate traffic dynamics accurately 

through the use of appropriate traffic flow functional relationships.  Simulation-based 

approaches can also handle large, urban-scale transportation networks (Ben-Akiva, et al., 

1997).  Nevertheless, they do not have the attractive properties of the analytical models.  

In particular, solution quality is highly variable because they are not required to converge 

on a solution with given properties.  Thus, the convergence characteristics and the 

solution quality cannot be determined. 

The objective of conventional optimal control theory is to determine control 

strategies that cause a process to satisfy the physical constraints while at the same time 

minimize or maximize performance criterion.  Wie (1989) first applied optimal control 

theory to the problem of dynamic network flows using a generalized UO criterion applied 

to a network with one origin-destination pair connected with parallel links.  Several 

efforts had been made to extend this approach to continuous time, multiple origin-
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destination formulations (Friese et al., 1989; Wie et al., 1990; Ran et al, 1993; Boyce et 

al., 1995; Wie et al., 1994).  While powerful, optimal control formulations can generate 

flow propagation anomalies such as congested traversal times being less than free flow 

times.   

An alternative but related approach is to describe the behavior of traffic network 

as a variational inequality (VI) problem with exact flow propagation constraints.  Friesz 

et al. (1993) developed a VI-based formulation based on a dynamic generalization of the 

static UO conditions.  The model can be solved for a general network with endogenous 

departure times and route choices.  Ran and Boyce (1996) presented some mathematical 

formulation and solution algorithms for dynamic transportation models which mostly are 

optimal control theory and variational inequalities.  Chen (1999) provides a detailed 

discussion of variational inequality formulations for dynamic travel choice models.  

Because of its comprehensive capability to formulate transportation problems, VI has 

received in increasing attention from transportation network researchers (Wu et al., 1998; 

Xu et al., 1999).  Although optimal control theory and VI-based approaches have 

improved our theoretical understanding of dynamic travel demands and network flows, 

their computational complexity and data requirements restricts their applications to 

modest network sizes for many application contexts.    

The dynamic system approach generally takes the form of a system of differential 

equations that describe a trajectory of disequilibrium states tending towards an 

equilibrium (Cascetta and Cantarella, 1991).  Depending on the assumptions made and 

the behavior captured, this equilibrium may be either a conventional steady state (static) 

UO equilibrium or a dynamic (moving) UO equilibrium (Friesz et al, 1996).  Cantarella 

and Cascetta (1995) and Friesz et al. (1994) provide a detailed discussion of this 

approach.  The dynamic systems approach has potential to provide a unified framework 

for both within-day and day-to-day (i.e., long-term learning effects) network flow 

dynamics.  However, a practical solution algorithm has not been developed to date.   

Optimization approaches directly generalize the static UO approach with suitable 

temporal modifications.  In this approach, time-dependent network flows are defined by a 

set of link performance functions and an equilibrium condition that extends the 

Wardrop’s UO principle.  Merchant and Nemhauser (1978a, 1978b) provide an example 
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of this strategy applied to a simple network with multiple origins but only one 

destination.  Since their model is nonlinear and non-convex, it is difficult to apply to a 

general network.  Ho (1980) formulated a piecewise linear version of the Merchant-

Nemhauser model.  Ho (1990) develops a nested decomposition algorithm that finds the 

global optimum through examining the set of optimal solutions of an embedded linear 

program.  Carey (1986, 1987) expands this approach and reformulates the model as a 

convex, non-linear program. 

Recently, Janson greatly improved the applicability of dynamic network flow 

modeling to real-world problems by developing a tractable discrete-time dynamic user 

optimal (DUO) approach (Janson 1991a, 1991b) The DUO conditions are a direct 

extension of Wardrop’s UO conditions: 

 

(DUO) At network equilibrium, no traveler who departed (arrived) during 
the same time interval can reduce his or her travel costs by unilaterally 
changing routes.   Alternatively: All used routes between an O-D pair have 
the same, minimal cost and no unused route has a lower cost for travelers 
that departed (arrived) during the same time interval. 
 

Since travel times are variable, we cannot “fix” both departure and arrival times within 

the equilibrium conditions.  Therefore, the DUO conditions assume either a known 

(fixed) departure or arrival time interval for flows and require equivalent minimal travel 

costs for all flows “scheduled” to depart or arrive during each interval. 

Janson (1991a, 1991b) formulates a DUO equivalent optimization problem with a 

convex objective function and non-linear dynamic flow constraints. The DUO problem 

can be solved for realistic, urban-scale network with reasonable computational times 

(Robles and Janson 1995; Boyce et al. 1997).  The DUO data requirements are also quite 

modest, with the major additional data item relative to the static UO requirements being a 

temporal origin-destination network at the level of resolution dictated by the discrete time 

intervals.  

Janson and Robles (1995) extend the basic DUO formulation and develop a quasi-

continuous DUO.  Since it approximates better continuous-time trajectories, the quasi-

continuous DUO approach handle dynamic flow propagation and spillback effects in a 
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more realistic manner.  However, its is not as computationally tractable as the standard 

DUO approach.  

Due to its computational efficiency, particularly for modest, desktop platforms, 

we have chosen the Janson (1991a, 1991b) DUO model for our GIS-linked dynamic 

network flow modeling software system.  In the next section of this paper, we discuss the 

software system design and the DUO approach in detail. 

 

3. Methodology 

The dynamic network congestion modeling software system is a decision support tool 

that interfaces the Janson (1991a, 1991b) DUO module with a geographic information 

system (GIS), specifically, Arc/Info .  The DUO module solves for the dynamic network 

flows while the GIS provides effective decision support through its database management 

capabilities, graphical user interfaces and cartographic visualization of complex spatial 

and temporal congestion patterns and the time-dependent minimum cost routes.  The GIS 

interface also allows the analyst to change the road network to reflect failure or capacity 

reduction due to planned or unplanned disruption.  

In this section, we discuss the methodology for the dynamic network congestion 

modeling software system.  We first discuss the DUO model formulation and its solution 

algorithms.  We then briefly discuss its data requirements.  Finally, we provide an 

overview of the software system and discuss some critical database design issues. 

 

3.1.DUO Model Formulation 

The DUO equilibrium condition is that all used routes between an origin-destination (O-

D) pair have same minimal cost and no unused route has a lower cost for travelers that 

departed during the same time interval.  The DUO model assumes a known temporal O-D 

matrix, with each time slice corresponding to a discrete time interval over the study 

horizon.  Based on this exogenous data, the DUO minimization problem, when solved, 

determines the dynamic flow patterns that satisfies the DUO principle while meeting the 

O-D flow constraints imposed by the matrices.  The DUO problem is:  
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where 

N = set of all nodes; 

Z = set of all origin-destination zone (trip begin/end nodes); 

L = set of all links (directed arcs); 

nL  = set of all links incident form node n. 

P = set of all routes between all zone pairs. 

rsP  = set of all routes from zone r to zone s; 

pK  = set of all links on route p; 

pnK  = set of all links on route p prior to node n; 

t∆  = duration of each time interval (same for all t); 

T = set of all time intervals in the full analysis period; 
t
kx  = amount of traffic flow between all zone pairs assigned to link k in 

time interval t; 
d
pv  = amount of traffic flow departing in time interval d assigned to 

route p ; 
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)( t
k

t
k xf  = travel impedance (travel time) on link k in time interval t; 

d
rsq  = amount of traffic flow from zone r to zone s departing in time 

interval d via any route;  
dt
pkα  = 0-1 variable indicating whether trips departing in time interval d 

and assigned to route p use link k in time interval t (0 = no, 1 = 
yes) ; 

d
pnb  = travel time of route p from its origin to node n for trips departing 

in time interval d ; 

 

The DUO formulation implies a directed space-time network G(N, L, T), where N 

is the set of nodes, L is the set of directed links and T is study time horizon (i.e., the 

number of discrete time intervals).  The temporal incidence variable dt
pkα  indicates 

topology of the time-expanded network.  Equation (5) defines dt
pkα  to be a zero-one 

variable that indicates whether trips assigned to route p departing in time interval d using 

link k in time interval t.  Equation (2) requires total flow on link k in time interval t to be 

the sum of flows departing in any time interval on any route that uses link k in time 

interval t.  Flows on route p departing in time interval d will only be assigned to link k in 

time interval t as designated by the dt
pkα .  Equation (3) requires route flows to sum to the 

proper trip departure totals in each time interval between each zone pair.  Equation (4) 

requires the flows on all routes to be nonnegative.  Equation (6) ensures that the trip of 

any route p departing in a given time interval d can be assigned to a particular link k in 

only one time interval t.  This requires any link k to only be used in the time interval t in 

which trips assigned to route p departing in time interval d. 

Equations (1-5) collapse to a static UO equilibrium problem for a single time 

interval: in this case, the incidence dt
pkα  could be pre-specified as either zero or one based 

on the input network’s topology.  In the time-expanded network implied by the DUO, 

topology is determined by physical connectivity and space-time “reachability” dictated 

by the network travel times.  Travel times are determined by the link loadings in the 

current solution.  Therefore, the dt
pkα  variables are endogenous and fluid, changing with 

the network flows in the current solution.  
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Since the node time intervals are endogenous, the DUO problem has nonlinear 

flow conservation constraints and requires additional conditions to insure temporally 

continuous flows (equation (7-9)).  Equation (7) is added to sum the travel times to each 

node n along links in each route p, denoted by the link set pnK .  Equations (8-9) then 

force each route to use its links, given by the link set pK , in the time intervals that are 

compatible with the travel time to each node. 

 

 

3.2.DUO Solution Algorithms  

Janson (1991a, 1991b) provides two solution approaches are available for solving the 

DUO problem.  The dynamic traffic assignment (DTA) procedure is a heuristic approach.  

Janson’s DTA procedure assigns link flows based on current flow levels, ratios of future 

(not yet assigned) travel demands and flows assigned in previous intervals (Janson, 

1991a).  It is not a convergent solution for DUO equilibrium, but instead produces traffic 

flows that tend to satisfy the DUO conditions.  The convergent dynamic algorithm (CDA) 

solves the DUO problem exactly by decomposing the main DUO problem into two 

subproblems.  The first subproblem is equivalent to the static UO assignment problem.  It 

can be solved using the convex combination methods, such as. Frank-Wolfe (F-W) 

method of linear combination (Frank and Wolfe, 1956).  The second subproblem updates 

the temporal incidence variables and enforces conditions for temporally continuous 

flows.  The procedure iterates between the static UO and the temporal flow subproblems 

until computational convergence (Janson 1991b). 

Due to the decomposition procedure, CDA requires 3-4 times as much 

computational effort for a simple network than Janson’s DTA (Janson, 1991b).  Since we 

are developing our software system for common desktop platforms, our current 

implementation uses Janson’s DTA procedure.  In the future system development, the 

CDA procedure will also be implemented for the quasi-continuous DUO formulation 

(Janson and Robles, 1995) to allow users to opt for the slower but more accurate solution 

procedure for smaller problems or if extended computation time is available.   

A key element of Janson’s DTA procedure is the tracking of vehicle trip flows 

through a network in a link-by-link or node-by-node basis in successive time intervals.  
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Flows must be tracked across the network by the time interval and by the destination to 

which they are headed.  In other words, the procedure makes route decisions at the time 

of trip departure on the basis of projected link travel times that account for changes in 

travel demand over future time intervals.  Link travel times in each time interval are 

computed based in each link’s volume: these in turn determine the routes to which 

vehicles will be assigned. 

Figure 1 provides a detailed flowchart for Janson’s DTA procedure.  In the 

initialization stage, two issues must be addressed: i) appropriate duration for the discrete 

time intervals; and ii) network link flow in “previous” (prior to study horizon) time 

intervals.  The appropriate interval duration is crucial for estimating the dynamic traffic 

flow using Janosn’s DTA procedure.  If the time duration is too long, then the dynamic 

flows will fall into a static equilibrium; if it is too short, unrealistic flow propagation 

effects can occur.  Janson (1991a) suggests choosing an interval that is approximately 

four or five times the average link travel times in the study network.  This minimizes 

flow estimate variation between intervals.   

Since Janosn’s DTA procedure finds and loads shortest path trees based on 

projected link volume in current and future time intervals, it requires the traffic flow data 

in previous time intervals to estimate link volumes into the initial intervals of the study 

time horizon.  A larger number of pre-study horizon time intervals improves accuracy of 

the initial interval within the study horizon but requires additional data.   

The main computational effort of Janson’s DTA procedure is to find a shortest 

path tree from each origin to all other destinations based on the projected link travel times 

in the current and future time intervals. The shortest path algorithm used is the well-

known Dijkstra algorithm (1959).  The search routine finds shortest paths based on link 

travel times as projected during the time intervals in which they will be traversed.  To 

minimize memory array space allocation, we calculate the projected link volumes and 

link travel times as needed in the shortest path routine.  The main computational increase 

of this routine over a "static" shortest path routine is that the time interval in which each 

tree uses each link must be recorded.  

For each link, the current and projected link volumes are estimated as weighted 

combinations of the final volume assigned to that link in the previous interval (t - 1) and 
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the volume assigned thus far in the current interval t.  The weighting is by ratios of total 

trip departures form all origins in intervals (t - 1), t, and (t + n), where n is the number of 

time intervals in the study horizon. 

( ) t
ij

nt
t

tt
ij

nt
t

tnt
ij xxy +−+

−
+ −+= ωθωθ 11

1   

     for all, Kij ∈ , Tnt ∈+ , 0≥n  

( 11)

where : 
t
ijx = assigned volume on link ij in the current interval t after trips departing in time 

intervals 1 through (t - 1) have been assigned, and while trips departing in time 

interval t are being assigned. 
1−t

ijx = assigned volume on link ij in time interval (t - 1) (i.e. just prior to the current time 

interval) after all trips departing in time intervals 1 through (t - 1) have been 

assigned. 
nt

ijy +  = projected volume on link ij in interval t + n (where n ≥ 0 and t + n ∈  D) after trips 

departing in time intervals through (t - 1) have been assigned, and while trips 

departing in interval t are being assigned. 

)( nt
ij

nt
ij yf ++  = projected travel impedance (travel time) of link ij in the current or future 

time interval ( nt + ) computed directly as a function of the projected volume nt
ijy + , 

where n ≥ 0 and Tnt ∈+ . 

Qt  = total number of trips departing from all zones in time interval t (i.e. total inflow to 

the network in time interval t). 

θ t = proportion of Qt  that has not yet been assigned to the network in time interval t. 

ωt
t n
−
+
1  = Qt n+ / Qt −1 ,a measure of systemwide travel demand and projected traffic volumes 

in time interval t + n relative to t - 1. 

 

The standard “Bureau of Public Roads” link performance function, which relate capacity, 

current volume and free-flow traversal time to estimate travel time as a function of 

current flow, are used in current implementation for measuring link impedance (see 

Ortúzar and Willumsen 1994).   
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Janson’s DTA procedure assigns trips from origins in random order so as to 

minimize ordering effects due to the sequential loading of flows on the network links.  

This can create variability in flow volumes among time intervals not related to systematic 

changes in travel demand.  In order to reduce this variability, Janson’s DTA procedure 

finds NTREES shortest paths from each origin during a given time interval, where 

NTREES is some positive integer.  The procedure evenly divides the flows departing 

from the origin during that time interval among the NTREES shortest path trees, i.e., each 

tree receives 1/NTREES of the departing flows during the time interval.  A larger 

NTREES reduces the random variability at the expense of greater computational burden.  

 

3.3. Data Requirements 

Data requirements for the DUO model include link performance functions and a temporal 

origin-destination (O-D) matrix at the same level of temporal resolution as the specified 

discrete time intervals. Ideally, the temporal O-D matrix should be constructed from flow 

data “tagged” with the time of day when each trip occurred.  These data can be 

aggregated to the discrete time intervals of the DUO model. The critical “time stamp” is 

the departure or arrival time of each trip.   

If a temporal O-D matrix cannot be obtained directly from primary data it must be 

estimated.  As a member of ITS American, Utah Transportation Laboratory uses ITS 

technique and real-time traffic data to obtain the observed link traffic counts.  

Furthermore, Janson and Southworth (1992) discuss a method that uses the dynamic 

traffic assignment procedure to estimate departure times from observed link traffic 

counts; these data are often readily available.  Another, less sophisticated, option is to 

temporally disaggregate a daily O-D flow matrix.  The simplest method is to divide the 

O-D matrix equally into the n daily intervals implied by the specified time duration.  

However, since O-D flows typically exhibit irregular peaks rather than an even daily 

distribution, this approach is crude.  Daily O-D flows could be distributed over the time 

period of interest by using daily peak profile curves; this would provide more realistic 

estimates of the time-dependent O-D flows  

 

3.4. System Design 
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The current prototype system is a “loosely-coupled” integration between Arc/Info  

(version 7) GIS software and a custom DTA module written in C++.  The DTA module is 

a stand-alone system that runs separately from the DOS command prompt.  Although 

running as a separate program, the program directly reads and writes Arc/Info  INFO 

files, allowing the GIS software to manage the input data and visualize model results.  

The procedure for running the prototype system is as follows.  The user first 

develops the required data as Arc/Info  coverages.  An ARC coverage represents the 

transportation network in the study area while a POINT coverage maintains the origin 

and destination locations and the O-D matrix (i.e., each point in the coverage maintains 

data on its flow to all other destinations, in other words, its "row" of the O-D matrix).  

The DTA procedure reads the INFO files for these coverages and writes new INFO files, 

one file for each time interval modeled.  These can be visualized and queried within the 

cartographic context of the network coverage using Arc/Info.   

In addition to the standard visualization and spatial data querying techniques 

available within Arc/Info , we have built a Route Planner interface that allows the user 

to conduct minimum cost routing subject to the estimated dynamic flows and congestion 

within the network.  One procedure allows the user to find a minimum cost route between 

an O-D pair based on a specified departure interval.  The procedure reads the INFO file 

generated by the DTA procedure and returns the minimum cost route and an estimated 

arrival time at the destination.  Another procedure allows the user to input an O-D pair, 

the earliest possible departure time from the origin and the latest possible arrival time at 

the destination.  The procedure searches all the possible minimum cost routes across 

departure time intervals and generates a set of departure times and minimum cost routes 

that meets the specified time window.  

 

3.5. Database Design 

A critical issue when coupling the GIS software with the DTA module is the spatio-

temporal database model.  The DTA procedure generates a large volume of spatio-

temporal data.  Ineffective data management will result in a computational bottleneck that 

can seriously degrade the performance of the software system.  Also, instead of 

developing a completely customized database design, it is worthwhile to take advantage 
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of the data management capabilities of existing software system, particularly Arc/Info® 

and possibly other commercial database management systems in future system 

development. These software systems offer other data input, data management, analytical 

and geographic visualization capabilities that can provide effective decision support. 

Figure 2 provides the conceptual design of the spatio-temporal database to 

support the GIS-DTA coupling.  This design treats time as a complementary and 

independent facet of spatial (the georeferenced network) and thematic (network 

attributes, travel demand) data domains.  Successive time-stamped versions of database 

entities are maintained in a temporal data structure.  A new version of a database entity is 

defined when some change occurs between successive time intervals.  New versions of 

the flow on each link are recorded for each DTA time interval since this attribute changes 

frequently.  Conversely, new versions of the network and non-flow link attributes will be 

recorded infrequently since these entities do not change often (at least with respect to the 

modeling domain). This design minimizes database storage requirements since data 

redundancy is at a minimum. 

The database design allows a very straightforward topology to support querying 

and data retrieval.  Each DTA projects has a header control file which contains pointers 

that connect the spatial, thematic, and temporal data.  Spatial and thematic data are static 

and therefore only stored once.  The temporal flow pattern (e.g. flow volume, travel time) 

is recorded for each time interval.  The unique spatial object IDs from spatial database 

connects the three data domains. 

The separation of themes, time and space in the spatio-temporal database design 

preserves compatibility with the data model and data structures currently used in GIS 

packages such as Arc/Info®.  The three domains are separated into distinct structures but 

are united by the spatial object IDs and temporal indices that form the intersections 

between domains.  The link-node network topology can be maintained in the standard 

vector spatial data format supported by most GIS packages.  The static-state attributes of 

street network, such as capacity, lanes, speed limit, etc., can be maintained in either a 

commercial database management system (DBMS) or within the GIS software.  

 

3.6. Decision Support Tool Development 
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The current GIS-DTA prototype system is complete with respect to its basic database 

design, dynamic flow computation and minimum cost route querying capabilities.  At 

present, we are working on developing user-friendly graphical user interfaces and 

decision support tools.  This will allow a non-technically oriented planner or logistical 

analyst to use the system with a minimum of guidance.  This section describes some of 

these current system enhancements.  The first enhancements concern the Route Planning 

module for conducting time-critical logistics while the second set concerns visualization 

enhancements to support public sector planning.   

 

Multi-attribute route planning.  The current decision support tools for dynamic routing 

are based only on travel time.  Other attributes that could affect route preferences are 

currently not considered.  For example, some drivers may prefer highway rather than 

arterial streets to avoid traffic signals.  Similarly, we may wish to restrict drivers’ routes 

to familiar rather than unknown areas.  When shipping hazardous materials, we also may 

wish to incorporate geographic risk information through the GIS software and include 

this when planning for routes.   

Incorporating non-temporal attributes into route selection requires decision 

support tools for multiattribute decision making.  We are currently developing this 

functionality based on a powerful graphical technique developed by Coutinho-Rodriques 

et al. (1996).  The Best AGainst Least (BAGAL) technique displays the properties of a 

given solution simultaneously along several specified attribute dimensions (e.g., cost, 

risk) normalized and with a common origin.  Also plotted are user-specified limits for 

each dimension, allowing the decision maker to easily assess the solution sperformance 

along each dimension.  The combination of attribute-space visualization with the 

geographical space visualization provided through the GIS software will provide 

effective decision support for multi-attribute route planning subject to time constraints.    

 

Animation Tools.  Most of the dynamic network flow research in the literature 

emphasizes the convergence properties of the algorithms or the temporal resolution of 

results.  However, the increasing temporal resolution of DTA solution has the potential to 

overwhelm the analyst attempting to assess the impacts of a change in infrastructure or 
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traffic management control policy on congestion patterns.  The development of 

visualization tools for dynamic traffic congestion modeling can greatly enhance the 

usability of the dynamic flow results.   

Recent advances in dynamic visualization have occurred both in the transportation 

realm (e.g., Ganter and Cashwell 1994) and for dynamic data in general (e.g., Acevedo 

and Masuoka 1997).  These techniques greatly enhance interpretation by supporting 

exploratory analysis of the extensive dynamic information generated from dynamic 

modeling and simulation systems.  This can also provide decision support by structuring 

the search for good solutions and allowing easy comparisons among competing solutions. 

In a previous project, we developed a "temporal interpolation" technique to create 

computer animations from satellite images that simulate gradual landscape change.  We 

are currently modifying this technique to create computer animation to simulate network 

congestion dynamics.  In the animations, the congestion levels of roads are gradually 

changed from one time point to the next, represented by changes of color.  This technique 

is designed to overcome the visual gap created from displaying network dynamics by 

only showing the congestion level at selected time points.   

 

4. Results 

In this section, we illustrate some of the functionality of the GIS-DTA system using 

examples from a real world transportation network.  The network comprises northeast 

Salt Lake City, Utah.  It consists of 7812 directed links, 2328 nodes and 331 O-D zones.  

The time interval for model runs is five minutes.  A three hours time horizon results in 

thirty-six consecutive time “slices” of dynamic traffic patterns.  We derived a daily O-D 

matrix from a travel survey conducted by the University of Utah during spring 1994 and 

a local daily peak profile curve.   

Figure 3 and Figure 4 represents the congestion pattern of the “Sugarhouse” area 

of Salt Lake City (the southeast quadrant of the study area) in different time intervals.  

For display purposes, Figures 2 and 3 classify links into one of two categories, namely, 

“normal traffic” (flow is less than 80% of design capacity) and “very congested” (flow is 

greater than 80% of capacity).  Note that a pair of directed arcs represents two-way 

streets: these are offset slightly for display.  These figures illustrate the detailed temporal 
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and spatial resolution of flow patterns provided by the system.  Figure 3 shows the initial 

period of study horizon (first five minutes) when the traffic congestion is still light while 

Figure 4 shows a middle interval of study horizon (one hour and 40 minutes later) when 

the whole area has become extremely congested.  Note that, as expected, congestion 

exhibits a “contagious” pattern, that is, congestion tends to occur in proximal and 

adjacent links in the network.  This realistic congestion property is not captured well by 

static network flow models.   

Figure 5 and Figure 6 illustrate the Route Planner functionality as well as some of 

the complexities involved in minimum cost routing subject to dynamic congestion 

effects.  Figure 5 provides the minimum cost (least travel time) routes for opposite travel 

directions between the same O-D zones in the same time interval.  Different travel 

directions between the same locations face entirely different congestion patterns and 

hence require different minimum cost routes.  Figure 6 illustrates the temporal 

complexity of congestion pattern.  In the successive time periods, (intervals 34 and 35) 

the congestion pattern changes sufficiently that the minimum cost route is completely 

different from a geometric perspective.  Despite this large geometric difference, the total 

travel times between the two routes are only slightly different.  

The Route Planner allows a wide range of dynamic routing queries based on 

travel times and the time window available.  Table 1 illustrates the results of a querying 

the possible departure times and minimum cost routes from Downtown Salt Lake City to 

the Sugarhouse area constrained by departing no earlier than interval 8 (40 minutes clock 

time) and arriving before the end of interval 21 (one hour and 45 minutes clock time).  

Table 1 summarizes the six combined departure times/routes that meet these temporal 

constraints.   These routes can also be visualized using the Route Planner (although this 

is difficult to convey in this paper without color illustrations). 
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Table 1: Querying for departure times and routes within a specified time window 

Departure 
Time Interval 

Travel Time 
(minutes) 

Arrival Time 
Interval  

 

8 32.90 14 Shortest travel time  
9 35.70 16  
10 40.70 18  
11 43.52 19  
12 42.20 20  
13 40.68 21 Latest departure time 

 

 

5. Conclusion 

This paper discusses a prototype of a decision support tool for analyzing dynamic 

congestion patterns and conducting routing and logistical analysis subject to these flows.  

A dynamic congestion module captures complex spatio-temporal congestion patterns and 

dynamic propagation of congestion through the network from localized incidences.  The 

dynamic traffic assignment procedure at the core of the module has reasonable data and 

computational requirements.  The GIS software provides effective management of the 

detailed spatial data and the ability to query and visualize model results.  A sophisticated 

spatio-temporal database design links the GIS with the dynamic flow module and 

enhances their capabilities by providing efficient data storage and retrieval of model 

results.   

Our current efforts are directed towards continued development of decision 

support for the route planning and "what-if?" scenario modeling.  The Route Planner 

module provides the optimal routing and timing to support tactical operation of time-

critical logistical operations such as “just-in-time” systems.  The current prototype 

provides decision support for routing based only on travel time.  We are in the process of 

developing tools for multi-objective routing decisions to explore solutions simultaneously 

along several specified attribute dimensions (e.g., cost, risk).  The animation techniques 

also under development will enhance interpretation by supporting exploratory analysis of 

the extensive dynamic information generated from the modeling system.   

As stated previously, our current software is a "loosely-coupled" prototype 

system.  We are continuing software development along several avenues.  Our first 

priority is a "tightly-coupled" system with seamless integration among the dynamic 
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congestion module, GIS software and decision support tools.   We are also developing a 

more sophisticated dynamic congestion module based on the quasi-continuous DUO 

(Janson and Robles, 1995), which can handle dynamic flow propagation and spillback 

effects in a more realistic manner.  This will allow the user to trade-off computation 

speed for accuracy when modeling dynamic flows.   
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Step 1:
Initialization

Read network data.
Specify parameters O-D departure tables.
Initial O-D departure table.
Calculate initial flow pattern (optional).

Increment iteration counter by 1.
Read the travel demand of current time
interval.

Step 2:
Begin

Random select a origin (not yet assigned).
Search shortest path tree based on the
projected link impedance.

Step 3:
Shortest path
tree

Step 4:
Assign flow Assign 1/NTREES of trips departing in current

time interval   to shortest path tree.
Store the assigned link volumes.

Are all trips in current
 time assigned?

Step 5:

All departure intervals
processed?

Yes

Next origin

No

Write assigned link flow to file.
Copy link flows for future time
intervals into the link flow array.

No

Stop

Yes

 
 

Figure 1  DTA computation procedure 
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Figure 2  Conceptual database design  
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Figure 3: Salt Lake City network congestion pattern, time interval 1 
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Figure 4: Salt Lake City network congestion pattern, time interval 20 
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Figure 5: Minimum cost routes for opposite travel directions, time interval 1 
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Figure 6: Minimum cost routes in successive time intervals 
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