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Abstract: Traditionally, transportation road networks
are designed for minimal congestion. Unfortunately,
such approaches do not guarantee minimal vehicle emissions. To fill this apparent gap in network design research, an emissions network design problem and solution method is proposed in this article for the purposes
of comparing to the traditional network design results.
Three air pollutants are considered on two road networks. The model is formulated as a bi-level optimization problem and a solution is approximated using a genetic algorithm. The influence of demand uncertainty is
also incorporated into the model. Designing for minimal
congestion tends to increase emissions of criteria air pollutants. However, not adding capacity to a road network
also increases emissions of pollutants. Therefore, an optimization problem and solution method, such as the emissions network design problem and solution method presented here, is useful for identifying capacity additions
that reduce vehicle emissions. It is also useful for understanding the tradeoffs between designing a network for
minimal congestion versus minimal vehicle emissions.
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1 INTRODUCTION
The purpose of this research is to develop a methodology for incorporating emissions into road network
design. The objectives of this article are as follows:
(1) demonstrate the need to incorporate air quality considerations into network design problems; (2) present
and apply a method for incorporating vehicle emissions
into network design problems; and (3) present results
from exploring the differences and similarities between
designing a network for minimal congestion (i.e., total travel time) versus minimal total vehicle emissions,
while considering uncertain travel demand. The following paragraphs motivate the consideration of air quality
in the network design process.
The Environmental Protection Agency (EPA) is the
federal government entity responsible for recommending air quality standards to lawmakers and enforcing
the resulting National Ambient Air Quality Standards
(NAAQS) set by Congress under the Clean Air Act.
The NAAQS comprises primary and secondary ambient air concentration limits for six pollutants; these pollutants are: (1) carbon monoxide (CO); (2) nitrogen
dioxide (a compound within the nitrogen oxides family);
(3) ground-level ozone; (4) particulate matter; (5) lead
(an air toxin); and (6) sulfur dioxide (primary sources
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are power plants and other industrial facilities) (EPA,
2009). Primary standards (i.e., limits) are set to protect
public health and secondary standards are set to protect
public welfare including crops, vegetation, and animals
(EPA, 2009). Metropolitan areas are required to comply with the standards for the six criteria pollutants. If
they do not comply with the standards, regions fall into
non-attainment for whichever pollutant whose limit was
exceeded.
Consequences of non-attainment can be burdensome
to the metropolitan planning organizations (MPOs),
public transportation agencies, private developers,
prospective employers, and residents in the nonattainment region. Falling into non-attainment results
in: (1) a loss of federal highway and transit funding; (2) mandatory boutique fuels (i.e., cleaner burning, more expensive fuels); (3) restrictive permitting requirements; (4) mandatory emissions offsetting; and (5)
loss of economic development opportunities (USCC,
2009). One of the more significant consequences for
transportation agencies in non-attainment regions is
the additional analysis and project screening work they
must do to remain eligible for federal funds. To be eligible for federal funds, transportation agencies in nonattainment regions must be able to demonstrate that a
proposed project will not increase emissions (USCC,
2009). As a result, regions at-risk for non-attainment
or those already in non-attainment need planning tools
and information to help them identify infrastructure improvements that do not increase system emissions relative to a do-nothing or no-build scenario.
We propose a methodology for incorporating emissions considerations into planning for road network improvements. The proposed formulation is a bi-level optimization problem where the upper level minimizes
system emissions of a specific pollutant and the lower
level enforces user-equilibrium (UE) route choice. The
resulting problem solutions are a set of capacity improvements to a given network, for a given demand,
subject to user-specified budget constraints and resulting in minimal network emissions. The problem is
solved using a genetic algorithm (GA). We consider
three key pollutants: CO, hydrocarbons also known as
volatile organic compounds (VOC), and nitrogen oxides (NOx). These three pollutants were chosen because
of their respective and combined significant impacts on
human health and the environment. Furthermore, CO,
VOC, and NOx in the presence of sunlight react to form
detrimental air toxins and greenhouse gases.
The methodology presented in this article is applied
to two different road networks in the United States:
one relatively small network, Sioux Falls, ND, and
the other of moderate size, Anaheim, CA. We also
investigate the influence of demand uncertainty on
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the type of improvements identified to obtain minimal
road network emissions. The proposed methodology
and application fill a current gap in research related
to network design problems. Based on our literature
review, there is minimal to no research investigating:
(1) how capacity additions to a network, made to minimize congestion, influence system emissions; and (2)
how striving to minimize system emissions influences
which capacity additions are made to a road network.
Traditionally, road network design problems have
focused on minimizing system travel time (or travel
cost) rather than system emissions.
The rest of the article is outlined as follows. Section 2
discusses traditional road network design problems and
how emissions have been integrated into those as well
as other related network optimization problems (e.g.,
traffic assignment), the consideration of demand uncertainty in road network design problems, and background on the emissions model. Section 3 presents the
model formulation. Section 4 presents the GA-based
solution method. Section 5 outlines the experimental
analysis on two test networks and Section 6 presents the
corresponding results. The article concludes with a discussion of key contributions in Section 7.
2 BACKGROUND
2.1 Literature review
Traditionally, network design problems have focused
on finding the optimal set of network improvements to
minimize total system travel time or cost either through
adding new links (discrete network design problems) or
by increasing capacity on existing links (continuous network design problems) (see LeBlanc, 1975; Poorzahedy
and Turnquist, 1982; LeBlanc and Boyce, 1986; Friesz
et al., 1992; Suh and Kim, 1992; Solanki et al., 1998; Cho
and Lo, 1999). Network design related research in the
1960s through the 1990s tended to explore ways to formulate network design problems to reasonably approximate practical planning applications as well as develop
more efficient solution algorithms (see Magnanti and
Wong, 1984; Yang and Bell, 1998). In the late 1990s and
2000s, researchers increased the complexity and robustness of network design problems by formulating them as
multi-criteria and multimodal problems (see Cantarella
and Vitetta, 2006; Kim and Kim, 2006). However,
throughout this evolution, the primary focus of most
network design problems has remained minimizing total
system travel time (or cost) without a thorough understanding of what this means to total system emissions.
Consideration for emissions has been integrated into
research regarding network topology and performance
in the form of alternatives analyses, before and after
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empirical studies, and traffic signal timing considerations (see Lozano et al., 2008; O’Donoghue et al., 2007;
Unal et al., 2003; Li et al., 2004; Yunpeng et al., 2008;
Spall and Chin, 1997). In the specific context of network design, there have been some formulations focused on setting traffic signal timing along corridors to
minimize emissions (see Medina et al., 2007; Stevanovic
et al., 2009; Sharma and Mathew, 2007). Also, in some
instances, the multi-criteria network design formulations create opportunities to incorporate emissions into
a larger societal cost function (see Cantarella and
Vitetta, 2006; Kim and Kim, 2006). However, these formulations contain limitations in how they consider and
calculate pollutant emissions. Examples of limitations in
previous research include fixed pollutant emissions that
do not vary with vehicle speed or vehicle type, restricting consideration to a single pollutant without considering the tradeoffs, and/or characterizing environmental
impacts via an ill-defined monetary cost. Furthermore,
the structure of the multi-criteria formulations makes
the models difficult to transfer to practical applications
and challenging to infer informative trends related to
emissions and system performance. For example, it is
not clear how results from the multi-criteria objective
problem differ compared to minimizing only total system travel time (i.e., congestion) or only system emissions or another attribute of societal cost.
System emissions have been more thoroughly explored in traffic assignment and network pricing literature in contrast to the network design literature.
Results from the traffic assignment and network pricing literature generally indicate routing vehicles to minimize emissions on the network (either through information dissemination or through pricing) tends to
result in different link flows, higher total system travel
time, higher individual travel time, and lower system
emissions than when vehicles are routed to minimize
individual travel time or total system travel time (see
Johansson, 1997; Benedek and Rilett, 1998; Yin and
Lawphongpanich, 2006; Sugwara and Niemier, 2002;
Ahn and Rakha, 2008). Pertinent research incorporating emissions into traffic assignment and network pricing problems is discussed below.
Earlier research incorporating emissions into the traffic assignment problem includes work by Tzeng and
Chen (1993), Rilett and Benedek (1994), and Benedek
and Rilett (1998). These works tend to focus on developing a base methodology for incorporating emissions by considering a single pollutant. Tzeng and
Chen (1993) created a multiobjective traffic assignment method in which they incorporated CO emissions
through a fixed emission factor. Rilett and Benedek
(1994) and Benedek and Rilett (1998) developed a formulation considering equitable traffic assignment with

environmental cost functions. Initial findings indicated
the objectives of minimizing total system travel time
and system emissions via traffic assignment are conflicting (Rilett and Benedek, 1994). Subsequently, Benedek
and Rilett (1998) found routing vehicles to minimize
CO emissions under congested conditions resulted in
an approximately 7% emissions reduction compared to
UE and system optimal (SO) assignment. Benedek and
Rilett (1998) noted the potential benefit could increase
for networks with more route choices and networks not
at or near saturation.
In more recent research, Sugawara and Niemeier
(2002) formulated an emissions optimized (EO) assignment to route vehicles to minimize system CO
emissions. They compared system travel time and emissions performance to system emissions experienced
under UE and SO assignments. Sugawara and Niemeier
(2002) found the EO assignment effectively reduced
emissions but increased system travel time 3.3% to 5%
compared to UE and SO assignments. They also found
route assignment varied depending on the level of congestion in the network. At lower levels of congestion,
EO assignment results in vehicles assigned to only surface streets rather than freeways and results in 23.9%
to 26.0% reduction in CO emissions compared to UE
and SO assignment (Sugawara and Niemeier, 2002).
As congestion increased, EO assignment still favored
surface streets but inevitably became more similar to
UE and SO assignments as route choices decreased;
however, even under more congested conditions, EO
assignment still provided 7% reduction in CO emissions
compared to UE and SO assignment (Sugawara and
Niemeier, 2002). These findings support the results
discovered by Benedek and Rilett (1998). Sugawara
and Niemeier (2002) results are also consistent with
those found by Yin and Lawphongpanich (2006) in
their research on network pricing to reduce emissions
as well as research by Ahn and Rakha (2008).
While little research has examined the impact of
considering uncertainty in the road network design
problem, this is not the first. Duthie et al. (2010) assigned probability distributions to baseline employment
and household regional control totals, and pairs of
road improvements to find the one that worked best in
terms of future traffic on average. Lam and Tam (1998)
used Monte Carlo simulation methods to study the
impact of uncertainty in traffic and revenue forecasts
for road investment projects. They assumed normal
distributions for each of several uncertain parameters,
including population and demand elasticity. Waller
et al. (2001) assigned independent distributions for
each origin–destination pair’s future year demand in
three test networks (ranging from 2 to 100 origin–
destination pairs) and demonstrated how assignment
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models relying on expected values of all inputs will
tend to underestimate future congestion and may
(in 14% of cases studied) lead to selecting projects
with higher average future travel costs (i.e., lower net
benefits) than ideal, and higher variance in such costs
(which implies more risk). Ukkusuri et al. (2007) also
treat the origin–destination trip matrix as uncertain
in a formulation that aims to find the best overall
network design, in terms of minimizing a weighted
sum of average and standard deviation of total system
travel time. As in this article, a GA is used as the
solution method. GAs have proven successful in many
other transportation applications including forecasting
accident duration times (Lee and Wei, 2010), traffic
flow forecasting (Vlahogianni et al., 2007), highway
alignment optimization (Kang et al., 2009), traffic signal
optimization (Teklu et al., 2007), traffic management
(Karoonsoontawong and Lin, 2011), highway network
optimization (Karoonsoontawong and Waller, 2006),
bus network optimization (Yang et al., 2007), and
infrastructure maintenance (Ng et al., 2009). GAs have
also been used successfully in the broader area of civil
engineering for many applications including structural
optimization and control (Adeli and Cheng, 1994a, b;
Adeli and Kumar, 1995; Sarma and Adeli, 2000, 2001;
Mathakari et al., 2007; Jiang and Adeli, 2008; Marano
et al., 2011), cost optimization (Kim and Adeli, 2001),
and staffing allocation (Al-Bazi and Dawood, 2010).
Findings from this literature review on traffic assignment and network pricing problems incorporating emissions indicate a consistent trend in results even with the
varying levels of sophistication in modeling emissions.
The more sophisticated emissions models (e.g., research
considering multiple pollutants, allowing emission rates
to vary with vehicle speed) provide more valuable and
potentially useful information for policy and decision
making. However, the general results of the traffic assignment and pricing research consistently indicate operating a network to minimize total system travel time
or individual user travel time does not guarantee minimal system emissions. This is a key reason for incorporating emissions into network design problems; it seems
plausible that designing a network to minimize total
system travel time (i.e., congestion) does not guarantee minimal system emissions (i.e., minimal vehicle air
pollution). Section 3 describes a formulation to test this
hypothesis.
2.2 Emission factors
Each pollutant considered in this research has its
own unique stepwise function that was created from
emission factors developed using the EPA’s software
program MOBILE6.2. This software program estimates
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emission factors as grams per mile per vehicle for fuel
and diesel highway vehicles. MOBILE6.2 has been used
widely in practice and research for such things as EPA’s
evaluation of mobile emissions source control strategies and state, local, and MPO-level planning to control or reduce vehicle emissions for a region (EPA,
2003). The program has the ability to calculate emissions rates for 28 different types of vehicles that span
the calendar year from 1952 forward to 2050. MOBILE6.2 calculates emission factors for the following air
pollutants: VOCs, CO, NOx, particulate matter, sulfur
dioxide, ammonia, six hazardous air toxins, and carbon
dioxide.
To calculate emission factors, MOBILE6.2 works
from a basic emission rate and applies correction
factors determined by analysts’ inputs regarding vehicle operating conditions. The basic emission rates
and the correction factors are based on the research
conducted by the EPA (see the technical articles posted
at http://www.epa.gov/otaq/models.htm for the specific
calculation procedures embedded within MOBILE6.2).
Basic emission rates are developed from emission tests
conducted under a standard set of conditions with
regard to temperature, fuel, driving cycle, and other
related operating conditions. Correction factors are
applied when conditions differ from the standard set
under which the basic emission rates were developed.
There are 27 different input parameters for which
analysts are responsible for providing data or values
(in the absence of data, default values are used; default
values are based on EPA’s national data). The input
parameters address context-specific characteristics
(e.g., calendar year, month, minimum and maximum
temperature, altitude), vehicle or vehicle fleet related
characteristics (e.g., fuel type, vehicle type, vehicle
inspection/maintenance programs), and operating
characteristics (e.g., average vehicle speed, road facility
type). Adjustments to the basic emission factors are
made depending on which (if any) of the characteristics
vary from the standard testing conditions. For the
research presented in this article, the most significant
of these characteristics are average vehicle speed,
facility type, temperature, and humidity. For more
in-depth information on MOBILE6.2’s structure and
how to use it, please refer to the EPA’s User’s Guide to
MOBILE6.1 and MOBILE6.2 (see EPA, 2003).
From the date of the completion of the analysis mentioned in this article, the EPA has released an update to
MOBILE6.2 called MOVES2010 (Motor Vehicle Emission Simulator 2010) (EPA, 2010). The most substantial differences between MOBILE6.2 and MOVES2010
do not influence the methodology presented in this
article, nor do they influence the results and trends discussed in the following sections. The most significant
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gain made with the MOVES2010 software in modeling
emissions (as compared to MOBILE6.2) is the ability
to use acceleration and deceleration data to calculate
emissions more precisely (as opposed to using average
vehicle speed) (EPA, 2009). However, the research presented here is at the macroscopic model level, therefore
the most refined speed data available are average speed,
so MOBILE6.2 remains an appropriate emissions modeling tool. The ability of MOVES2010 to model the effects of acceleration and deceleration on emissions will
be beneficial for future planned research expanding the
emissions network design problem discussed in this article to a dynamic context.

3 FORMULATION
In this research, the traditional network design problem
(i.e., minimizing total system travel time) is solved
alongside of the emissions network design problem.
Therefore, each is applied to the same test networks,
under the same conditions, and solved simultaneously
using the same solution method. More specifically, the
bi-level problem is solved simultaneously for four
upper-level objectives: minimizing total system travel
time, minimizing VOC emissions, minimizing CO
emissions, and minimizing NOx emissions. The purpose
of this approach is to compare and contrast the results
of designing for minimal system travel time (i.e., congestion) versus designing to minimize each of the three
air pollutants. The formulation for the problem is given
below.
The traditional general form of the upper level objective function when system congestion is minimized (i.e.,
total system travel time) is shown in Equation (1).

vi ti (vi,yi )
(1)
Minimize fTSTT (v.y) =
i∈I

where i is the link index, I is the set of all links, v is
vehicle flow (vehicles per hour), and t is travel time per
vehicle as a function of flow and added capacity, y.
The general form of the upper level objective function for minimizing system emissions is given in equation (2). System emissions for each pollutant is calculated by multiplying the vehicle flow on each link by the
length of the link and an emissions factor per link (the
emissions factor is specific to a pollutant and varies with
average vehicle speed) and then summing across links
in the network.

vi (y) ka,i
(2)
Minimize fSE,a (v, y) =
i∈I

where a is the index specific to an air pollutant, l is link
length, and k is the link emissions (grams).

The emission factor function is a stepwise function
defined by Equations (3i) through (3iii).

γr,a,b sr (si )Lb(i)
(3i)
ka,i = l
b∈B r ∈R

Sr (si ) = {1 if si ∈ r, 0 otherwise}

(3ii)

Lb(i) = {1 if type(i) = b, 0 otherwise}

(3iii)

where γ is an emission factor corresponding to speed
increment r, air pollutant a, and facility type b; Sr is the
indicator function for the stepwise function; R is a set
of speed increments (set to 1 mile-per-hour); Lb is the
indicator function for whether or not link i is of type b
(i.e., type(i) = b); and B is the set of all link types. The
stepwise function adds to the computational complexity
of the model by requiring several function look-ups at
each model iteration.
Equation (4) illustrates the relationship between average speed, s, vehicle flow, v, and added capacity, y.


l
(4)
si (vi , yi ) =
ti (vi , yi )
where t is the travel time (minutes). Speed is assumed to
be uniform across each link and delays due to intersections are assumed to be approximated via the volumedelay function in Equation (10). It is assumed that the
links are short enough that the average value is representative of conditions regardless of the level of congestion. A dynamic model, however, would better capture
speed variations due to shockwaves.
Demand uncertainty was incorporated into some instances of the problem by modifying the upper-level
objective function to minimize the expected value of
total system travel time, VOC system emissions, NOx
system emissions, and CO system emissions. Alternative upper-level objective functions could be considered, such as minimizing pollution in the worst case
scenario. Demand is randomly sampled over the range
of a pre-specified uncertainty (e.g., ± 15%). Since data
are not available on the shape of the probability distribution, the simplest—uniform distribution—is assumed.
The sample demand values are then used to solve the
lower level objective function (i.e., UE) and then calculate the network performance measures (i.e., total travel
time, total VOC emissions, total NOx emissions, and total CO emissions). A sample average is then calculated
from the upper level objective function values resulting
from each realization of demand, and this sample average approximates the true expected value.
The expected value for total travel time is defined in
Equation (5).
E fTSTT (y, d̃) = fTSTT (y) + ε

(5)
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where E fTSTT (y, d̃) is the expected value of total system travel time, fTSTT (y) is the sample average, d̃ is a
matrix of uncertain demands, and ε is sampling error.
The general form of the expected value for total
VOC, NOx, and CO system emissions is defined in
Equation (6).
E fSE,a (y, d̃) = fSE,a (y) + ε

(6)

where E fSE,a (y, d̃) is the expected value of total system
emissions for pollutant a, fSE,a (y) is the sample average
for pollutant a, d̃ is a matrix of uncertain demands, y is
added capacity, and ε is sampling error.
Therefore, when incorporating demand uncertainty
and designing for minimal system travel time, the upperlevel objective function is to minimize Equation (5).
Similarly, when incorporating demand uncertainty and
designing for minimal air pollution, the upper-level objective function is to minimize Equation (6).
The upper level problem contains constraints for the
budget (see Equation 7), and non-negativity (see Equation 8). The budget constraint limits the amount of capacity (vehicles per hour) that can be added to the network. This constraint can be modified and additional related constraints can be added to reflect more complex
fiscal constraints depending on an agency’s needs.

wi yi ≤ 
(7)
i∈I
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used infrequently in practice and are more complicated
and time-consuming to solve.
Equations (3) and (4) connect the upper level objective function with the lower level objective function
through the travel time on each link, which is determined by link flow and added capacity per link. Travel
time is defined by the U.S. Bureau of Public Roads link
performance function, shown as Equation (10).


βi
vi
0
(10)
ti (vi , yi ) = ti 1 + ai
ci + yi
where t0 is free flow travel time (minutes), c is original
capacity (vehicles per hour), y is added capacity (vehicles per hour), α and β are link-specific parameters that
can vary based on facility type, and i is the link index.
We assume adding capacity to a link will influence the
travel time on the link, but will not influence the link’s
free flow travel time.
The lower level problem is subject to flow conservation between vehicle link flows, vehicle path flows,
and the origin–destination demand. The flow conservation constraints ensure vehicles are not randomly created or lost within the network. These, as well as the
non-negativity constraint for vehicle flow, are included
in Equation (11).
V = {v|v = Ph, d = Gh, v ≥ 0}

(11)

where w is the weight applied for each link (e.g., this
could be set to link length) and ψ is the available capacity budget. The left-hand side of the equation could be
weighted depending on the units used or, for example, if
the money spent depended on link length. Equation (8)
ensures that the capacity is added in discrete and nonnegative increments.

where V is the set of feasible vectors of vehicle link
flows, P is a link-path incidence matrix, h is the vector
of the vehicle flow per path, d is the vehicle flow per
origin-destination pair, and G is an origin–destination
trip-path incidence matrix.

yi ∈ {0, 1, 2...} ∀ i ∈ I

4 SOLUTION METHOD

(8)

where y is the added capacity and i is the link index.
The lower level objective function is shown in
Equation (9). It enforces UE route choice. UE was first
stated by Wardrop (1952) and is paraphrased in the following two sentences. UE route choice assigns vehicles
to routes such that users experience minimal and equivalent travel time per origin–destination pair. As a result,
no user can unilaterally switch routes and reduce his or
her travel time.
  vi
ti (xi , yi ) dx
(9)
Minimize fUE (v, y) =
i∈I

x=0

where t is travel time (minutes), v is vehicle flow (vehicles per hour), y is added capacity (vehicles per hour),
and i is the link index. While alternatives exist to UE
(e.g., stochastic UE which considers the uncertainty in
user perceptions of travel time), the alternatives are

A GA was chosen to solve the proposed emissions network design problem; this decision was based on four
related factors. First, the network design problem with
UE subproblem cannot be solved analytically. This instance of the problem is especially difficult to solve due
to the stepwise emission factors. Second, GA takes advantage of existing neighborhood effects when searching for a solution, which in this problem means considering link improvements (i.e., capacity additions) similar
to those that have been shown to perform well in previous iterations. Second, research by Karoonsoontawong
and Waller (2006) found GA to outperform simulated
annealing (SA) and random search (RS) solution algorithms in solving continuous network design problems.
GA outperformed SA and RS in terms of solution quality, convergence, speed, and process time. Duthie and
Waller (2008) also found GA to work well for a variant
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on the network design problem. Finally, there are plans
to expand this research to consider the emissions network design problem in a dynamic context, which is the
context in which Karoonsoontawong and Waller (2006)
conducted their research.
Below are the steps of the GA as applied to solve
the emissions network design problem formulation presented in Section 3. See Holland (1975) and Goldberg
(1989) for a comprehensive discussion of GA. Each
chromosome corresponds to an improvement scenario.
The genes that make up each chromosome take binary
values depending on whether or not the candidate link
is selected for improvement.
Step 1: Initialize population: Set the index for the current generation to n = 1. Randomly set each gene
in each of the chromosomes to 0 or 1. This first set
of chromosomes represents the initial population,
popn .
Step 2: Demand sampling (to account for demand uncertainty): Randomly sample demand values based
on a specified uncertainty. Solve UE and calculate performance measures (i.e., total system travel
time, VOC system emissions, NOx system emissions, and CO system emissions) for each chromosome and each realization of demand.
Step 3: Calculate objective functions: Calculate the
expected value per performance measure for each
chromosome in popn . If reached, stop. Else, go to
Step 4.
Step 4: S-tournament selection: For each group (i.e.,
tournament) of s chromosomes, keep the best chromosome as a parent for generation n+1.
Step 5: Crossover: Let n = n+1. Generate K uniform
(0,1) random numbers for each pair of “parent”
chromosomes. If the kth random number is less
than the probability of crossover, pc , perform a uniform crossover operation on the kth sub-strings in
the pair to create two new “child” chromosomes.
The set of children chromosomes is popn .
Step 6: Mutation: Mutate each gene of each chromosome in popn with probability pm.
Step 7: Check stopping criterion: If reached, stop.
Else, go to Step 2.
Initial runs were conducted to determine an appropriate value for nmax , i.e., nmax is set such that the objective
function was no longer improving in each scenario.

5 EXPERIMENTAL DESIGN
This section describes the scenarios that were analyzed
on each of the two test networks (Sioux Falls, ND and
Anaheim, CA) as well as the parameters selected for

use in the GA. The Sioux Falls network has 76 links
and 576 origin-destination (OD) pairs. The Anaheim
network has 916 links and 1,406 OD pairs. See BarGera (2011) for illustrations and more information on
both networks. All emission factors were obtained from
MOBILE6.2 (EPA, 2010).
5.1 Analysis scenarios
A number of analysis scenarios were run to investigate
the influence of: (1) adding smaller increments of capacity versus larger increments of capacity to a network;
(2) increasing demand (i.e., congestion) on the network;
(3) increasing the available budget; (4) increasing the
number of road links eligible for improvement; and (5)
increasing demand uncertainty. The scenarios tested on
the Sioux Falls and Anaheim networks are summarized
in Table 1. Demand uncertainty was only considered on
the Sioux Falls network due to the computational effort
involved.
In total, 18 analysis scenarios were run for the Sioux
Falls network with fixed demand, 11 analysis scenarios
were run for the Anaheim network with fixed demand,
and 7 analysis scenarios were run for the Sioux Falls
network with demand uncertainty (in each case, 50 realizations of demand were used). The following paragraphs discuss the reasoning for the attribute (e.g., budget, eligible links) values that define the scenarios in
Table 1.
The base (100%) demand level was chosen so that
it provided a medium level of congestion. This choice
allowed higher levels of demand to congest the network without over-congesting it (e.g., volume to capacity ratios greater than one throughout the network) and
lower levels of demand to still provide interesting results (e.g., not all links in free-flow). The percentage
values for the OD demand loaded on the Anaheim network are higher than the Sioux Falls network, because
the original base OD demand table for Anaheim has a
lower level of congestion than the Sioux Falls base OD
demand table.
The capacity increment was initially set to 1,800 vehicles per hour on each link because this approximates
adding one lane. Some variation was then added to a
few scenarios to allow for operational improvements
that could lead to smaller increments in capacity improvements such as a signal timing change. The budget
constraint provides an upper bound on the amount of
capacity that can be added. The percent of links in the
network eligible for improvement are based primarily
on network size and corresponding run time to execute
the solution method. Larger networks such as Anaheim
take considerably longer to run due to the increased
number of possible solutions; therefore, the percent of
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Table 1
Analysis scenarios
Sioux Falls with
fixed demand

Scenario attributes
% Of OD table on network
(base congestion)

Budget constraint (100 veh/hour)
Capacity increments added to
Arterial roadways (veh/hour)
Freeways (veh/hour)
% Network eligible for improvement
Demand uncertainty

Vary budget,
small arterial
increments

Vary budget,
large arterial
increments

100%

100%

3, 6, 9, 18, 27, 36
300
1,800
94.7%
0.00%

Sioux Falls with
demand uncertainty

Vary congestion

Vary uncertainty
100%

3, 6, 9, 18, 27, 36

25%, 50%, 75%,
100%, 125%,
150%, 175%,
200%
18

1,800
1,800
94.7%
0.00%

1,800
1,800
94.7%
0.00%

18

1,800
94.7%
10%, 15%, 20%, 25%,
30%, 35%, 40%

Anaheim with fixed demand
Scenario attributes
% Of OD table on network
(base congestion)
Budget constraint (100 veh/hour)
Capacity increments added
to arterial roadways (veh/hour)
Capacity increments added
to freeways (veh/hour)
% Network eligible for improvement
Demand uncertainty

Increase # eligible
links

Vary budget

Vary congestion

200%

200%

18, 36, 54, 72
1,800

150%, 175%,
200%, 225%,
250%, 275%
72
1,800

1,800

1,800

1,800

4.36%
0.00%

4.36%
0.00%

10.92%
0.00%

eligible links was kept smaller to keep the run time manageable.
The effect of adding smaller increments of capacity was explored using 300 vehicle/hour increments
for arterial roadways; this value was selected as a
means to approximate additional capacity due to improved signal timing. The larger increment of capacity
(1,800 vehicles/hour) is a conservative value for approximating the capacity gained by adding a travel lane to
a road link. The purpose of this analysis was to consider if adding smaller increments of capacity enabled
the model to better optimize system performance measures than adding larger increments of capacity. For example, it considers the question: is it more advantageous
to add smaller amounts of capacity throughout many
links on the network or add larger amounts of capacity
to only a few links on the network?

72
1,800

5.2 Calculating emission factors
Emission factors were developed for the two test network cities: Sioux Falls, ND and Anaheim, CA. Data
were not available regarding vehicle or vehicle fleet
characteristics specific to these two cities; therefore the
EPA default values based on national data were used
for inputs such as fuel type, vehicle fleet mix, and inspection/maintenance programs. Data and information were
available to provide context (i.e., environment) and operating characteristics specific to each city. Table 2 summarizes the characteristics modified to fit each city and
the corresponding input values used.
Using the inputs in Table 2, emission factors were
calculated for average vehicle speed of 2.5 mph up to
65 mph (these are the limits of MOBILE6.2) at 1 mph
increments for vehicles operating on arterial roadways
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Table 2
Key inputs used to develop emission factors
Input parameter
Calendar year
Month
Minimum temperature (◦ F)
Maximum temperature (◦ F)
Absolute humidity (grains
water/lb of dry air)
Altitude (low or high)

Sioux Falls

Anaheim

2030
July
60
86
95

2030
July
62
84
114

Low

Low

and freeways. The resulting composite vehicle emission factors form the functions used in the upper-level
objective function of the formulation in Section 3 to
capture system emissions. There are two sets of functions, one for arterial roadways and one for freeways,
for each pollutant type (six functions per city). The calendar year was set to 2030 to mirror a 20-year planning horizon (this influences the vehicle fleet mix that
MOBILE6.2 uses in its calculations). The minimum and
maximum temperatures per city and absolute humidity
values are based on historic averages for each city in the
month of July; such information is available online at:
http://www.weather.com.
Figure 1 illustrates relationship between emissions
and average vehicle speed for VOC, CO, and NOx.
The hydrocarbons (VOC) curve shows decreasing
emissions as average vehicle speed increases. Since
higher speeds are equated with lower travel times, it
is reasonable to expect emissions of these types to be
near their minimal amount when system travel time is
minimized.
The CO and NOx curves are convex and bowl-shaped
where the lowest emission rate for the case illustrated
occurs around 33 mph and 37 mph, respectively. This
shape compared to the average travel time curve supports the findings from the traffic assignment and network pricing with emissions research: travel time and
emissions have different relationships to traffic flow
characteristics such as average vehicle speed. From a
network design perspective, to minimize CO emissions
one would not want to design the network such that
vehicles are traveling as fast as possible to their destinations. Instead a certain amount of congestion or
slower speed facilities appear desirable to minimize CO
emissions.
5.3 Solution method parameters and effectiveness
In applying a GA to solve the emissions network design
model, the cross-over probability was set to 0.8, the
cross-over type was uniform cross-over, the mutation
probability was 0.01, and the population was set to 100.

These parameters were found to work well in other similar problem instances (Karoonsoontawong and Waller
2006; Duthie and Waller, 2008). The number of generations used for the analysis scenarios with fixed demand
was 35, 40, 45, or 60 and the number of generations used
for the scenarios including demand uncertainty was
30. The number of generations used for the scenarios
with fixed demand changed based on the scenario’s
attributes and the corresponding convergence of the
fitness values (i.e., objective values). A sufficient level
of convergence was defined as when the change in each
objective value over the last 10 generations is less than
0.25%. Analysis scenarios that were run with more generations were those at the higher end of the available
budget range, the higher end of the demand range (i.e.,
base congestion range), and/or had a higher number of
links eligible for improvement. This was done to ensure
solution convergence for scenarios likely to encounter
more feasible solutions due to relaxed constraints
(e.g., increasing the available budget, increasing the
number of links eligible for improvement). Overall,
the GA solution method employed for the emissions
network design problem appeared to be efficient, as
objective values tended to stop improving in 20 to 45
generations.

6 RESULTS
From the analysis scenarios conducted, emerging trends
were identified and organized into two categories: (1)
general findings and (2) the effect designing to minimize
each objective has on system performance (i.e., total
travel time and system emissions). Subsections 6.1 and
6.2 discuss the trends within each of these categories.
6.1 General findings
Two interesting and important general findings
emerged from the analysis results. The first finding:
across all 36 analysis scenarios, a system change or set
of changes to the road network could always be made
to reduce each of the three air pollutants. Since CO
and NOx emissions are a nonlinear function of speed,
this is not necessarily intuitive. Figure 2 illustrates this
result on the Anaheim network for a fixed budget.
(The y-axis on the figure represents the percent improvement relative to the do-nothing scenario for each
of the performance measures shown in the legend.)
Each line represents the results for optimizing only one
performance measure. As expected, the potential for
improvement in system travel time increases as demand
(and therefore congestion) on the network increases.
This increasing trend was still apparent, though less
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Fig. 1. The relationship between emissions rate (grams/mile/vehicle) and average vehicle speed for each of the three emissions
types considered. The curve is specific to arterial facilities located in Anaheim, CA in July, but the functional form is the same for
each.

20
VOC [g/mi/veh]

18

CO [g/mi/veh]

16

NOx [dg/mi/veh]

Emissions

14
12
10
8
6
4

Fig. 2. Improvement in performance measures relative to do-nothing scenarios as demand increases on Anaheim network.

50%
45%
40%

rovement [%]

35%
30%
25%

along with the limited number of links available for improvement may be the cause of the stabilization of the
improvements in emissions as demand gets very large.
The second general finding: reducing the increments
of capacity added to the network had a limited effect
on model results. Adding smaller increments of capacity resulted in a marginal additional decrease in NOx
and CO system emissions (when the network was designed to minimize each). Conversely, adding smaller
increments of capacity resulted in a marginal increase
in total travel time (when the network was designed
65

55

50

45

40

35

30

25

20

15

10

prominent, for the four types of emissions. The potential for improvement for each objective is especially
Speed
impressive given onlyAverage
4.36%
of [mph]
the Anaheim network
was eligible for improvement. Results were similar for
other budget levels and for the Sioux Falls network.
Some links in the network do have volumes greater
than capacity in some of the scenarios. This is a common occurrence in static assignment models, and future
work may consider tying the assignment model with a
time-of-day model or destination choice model that may
prevent such overloading. The overcrowded behavior
5

0

0

60

2
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to minimize total travel time). Travel time decreases
monotonically as speed increases, therefore larger increments of capacity added to a link translate to faster
speeds and lower travel time. These results were found
with the analysis on the Sioux Falls network, a relatively small network. Similar analysis on larger networks is expected to indicate adding smaller increments
of capacity across a network is more effective at reducing NOx and CO emissions than adding larger increments of capacity. Further tests are needed to verify this
hypothesis.
6.2 Effects on system performance
In this research, system performance is characterized by
four different measures: (1) total travel time; (2) total
VOC emissions; (3) total NOx emissions; and (4) total CO emissions. When one measure is minimized, the
tradeoffs with the other measures become evident.
In the emissions network design model, total system
travel time and VOC system emissions behave similarly (i.e., when one is minimized the other also tends
to be minimized). Also, NOx and CO system emissions tend to behave similarly, but usually in contrast
to total system travel time and VOC system emissions.
Analysis results also indicate the differences between
designing for minimal total travel time or VOC system emissions versus designing for minimal NOx or
CO system emissions tend to increase as the number of
links eligible for improvement increases and as the base
congestion for a network increases (i.e., demand for
travel on the network increases). Interestingly, the differences tend to vary little for a given demand level (i.e.,
base congestion level) despite increasing the available
budget.
The following figures illustrate three key trends in effects on system performance found in the analysis results. Figure 3 has one curve showing the percent increase in CO when total system travel time (TSTT) is
minimized versus when CO is minimized, and a second
curve showing the percent increase in TSTT when CO is
minimized versus when TSTT is minimized. The objective is to assess the adverse impact as demand (i.e., congestion) on the Sioux Falls network increases on CO (or
TSTT) when TSTT (or CO) is minimized. Demand was
assumed to be fixed in these analyses. The difference in
CO system emissions went from approximately 1% increase over minimal CO system emissions to nearly a
6% increase over minimal CO system emissions when
the network is designed for minimal total travel time.
Similarly, the difference between minimal total travel
time and total travel time when the network is designed
for minimal CO system emissions increases consider-

ably as demand on the network increases. However, the
percent difference in TSTT when CO is minimized versus when TSTT is minimized decreases from more than
16% to approximately 13% when the percent of OD
demand increases from 175% to 200% of the base demand. More numerical analysis is needed to explore this
trend further. The Anaheim network showed similar results, however, the increasing trend was less apparent
due to the small percent (4.36%) of links available for
improvement.
It is apparent from the above results that there are
tradeoffs between designing a network for minimal total
travel time and designing it to minimize a specific pollutant, especially minimal NOx or CO system emissions.
An example of this competing relationship is shown
in the pareto-optimal curve in Figure 4. Total travel
time and CO system emissions objectives behave in contrast to each other, which is similar to the relationship
between total travel time and NOx system emissions.
When travel time increases or decreases, CO and NOx
system emissions tend to do the opposite. Tests where
multiple objectives are considered simultaneously were
conducted by using a modified version of the nondominated sorting algorithm (NSGA-II) (Deb et al., 2002).
In each generation, solutions are labeled with the rank
of their efficient front as well as the density of surrounding solutions. More details on NSGA-II are given by
Deb et al. (2002).
Results from incorporating demand uncertainty into
the Sioux Falls network indicate that accounting for demand uncertainty when it exists results in better system
performance for each objective (i.e., designs achieve
lower total travel time and lower emissions). Figure 5
illustrates the expected value of CO emissions when the
problem was solved to minimize this value considering demand uncertainty. These expected values are then
compared to the expected values calculated with the solutions found under the fixed demand analysis scenarios
(using the mean demand from the distribution) evaluated against the numerous uncertain demand scenarios.
Results are similar for all four objective functions, both
networks, and different capacity increments and budget
levels.
Due to the relationship between NOx emissions and
average vehicle speed as well as CO emissions and average vehicle speed, accounting for demand uncertainty
is particularly critical for these performance measures.
Designs that create too high or too low of average
vehicle speeds can be detrimental to minimizing NOx
and CO system emissions; therefore, finding the right
balance, the most robust solutions for long-term
variations in demand (i.e., demand uncertainty) is
paramount.
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Fig. 3. Increase in CO emissions and total system travel time (TSTT) as demand increases on Sioux Falls network.

18%
Percent Increase in CO when TSTT Minimized

Increase in Performance Measure [%]

16%

Percent Increase in TSTT when CO Minimized

14%
12%

Fig. 4. Minimizing total system travel time versus minimizing NOx emissions, non-dominated solutions for Anaheim network,
72,000 veh/hour budget, and 200% OD demand.

10%
8%

7 SUMMARY OF FINDINGS

6%

The analysis on the Sioux Falls and Anaheim networks
illustrates the following notable findings with regard to
system performance.

4%
2%
0%

25%

1. Designing for minimal total travel time and minimal
system100%
emissions
is similar.
50% VOC
75%
125%
150% When
175%total 200%
OD Demand on Network [% of base/expected demand]

62600

travel time is minimal, VOC system emissions also
tend to be minimal and vice versa.
2. Designing for minimal NOx system emissions and
minimal CO system emissions is similar; when one
is minimized, the other also tends to be minimized.
3. When a network is designed for minimal total
travel time or minimal VOC system emissions,
NOx and CO system emissions tend to increase
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Fig. 5. Expected CO emissions when network is designed with fixed demand and evaluated against uncertain demand versus
expected CO emissions when network is designed with uncertain demand—Sioux Falls network.

relative to their respective minimal values. The
magnitude of the increase depends on the level of
base congestion on the network and the percent of
the network eligible for improvement. In the analysis for this research, the increase in NOx and CO
system emissions ranged from approximately 1%
to 6%.
4. When a network is designed for minimal NOx system emissions or minimal CO system emissions,
total travel time and VOC system emissions tend
to increase relative to their respective minimal values. Again, the magnitude of the increase depends
on the level of base congestion on the network
and the percent of the network eligible for improvement. In the analysis for this research, the
increase in total travel time and VOC system emissions ranged from 1% to 17%.
5. Accounting for demand uncertainty produces
more robust, reliable, and effective solutions to
improve system performance. The fixed demand
solutions perform significantly worse (in terms of
total travel time and emissions of each pollutant)
in situations where demand varies. Accounting for
demand uncertainty is critical for finding solutions
effective at improving system performance on networks subject to variations in demand.
These findings and trends above are potentially useExpected CO System Emissions when Design Considers Uncertainty
ful for system managers faced with identifying changes
toExpected
regional
road Emissions
networks
improve
perforCO System
whento
Design
does not system
Consider Uncertainty
10%

15%

20%

25%
Demand Uncertainty

30%

35%

40%

mance under an emissions constrained environment.
Each finding provides insight into tradeoffs in system
performance between designing a network for minimal
total travel time versus a specific pollutant. These insights can be valuable in informing planning policies and
the general approach taken to planning road network
modifications. It is clear from the above findings that
minimizing network congestion does not produce minimal emissions of critical criteria pollutants such as NOx
or CO.
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