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1 Introduction

As we acquire an increasing amount of information
on the physical world, we have the opportunity to de-
velop new methods for analyzing it, and to develop new
transportation simulation models that can capture the
underlying properties that shape large-scale, long-term
processes such as transportation, pollution, and the im-
pact of new technologies or policy decisions on our en-
vironment. The interesting challenge here is that much
work in science and engineering has developed sophis-
ticated methods for either (1) handling the complex,
detailed questions concerned with small or moderate-
sized micro-simulations (in the tens, hundreds, or small
number of thousands of simulated entities), or (2) han-
dling questions at the aggregate level concerned with
macro-simulations where higher-level concepts such as
flows abstract away individual simulated entities (SEs),
enabling simulations of much larger phenomena. His-
torically, scaling up micro-simulations to address de-
tailed questions about large-scale transportation sys-
tems, when feasible at all, has required supercomputer-
class facilities and much specialized hand-optimization
of the code.

Our research makes a first step towards tackling the
grand challenge of truly scalable transportation micro-
simulations. We take the computational ideas that al-
low database systems to scale to petabytes and apply
them to the programming and processing of large-scale
transportation micro-simulations. Thus, the use of our
computer science techniques will enable detailed simu-
lations on a standard cloud computing infrastructure (a
shared nothing cluster) with SEs numbering in the tens
of thousands to millions. In particular, we will enable
scalable declarative processing of such transportation
simulations, which will enable us to use optimizations
from databases such as set-at-a-time processing, index-
ing, and parallel processing. Our declarative process-
ing model does not come with a declarative program-
ming model, but instead allows transportation simula-
tion designers to stay in a traditional imperative pro-
gramming model as long as they follow certain high-

level program design patterns. Thus we use computa-
tional ways of thinking about transportation simulations
that are only subtly different from existing ways of pro-
gramming transportation simulations, but that enable re-
searchers to perform transportation micro-simulations
at scales that were never imagined before.

2 Transportation Simulations
Transportation simulations can be classified as mi-

croscale, macroscale, or mesoscale. Microscale trans-
portation simulations (for short, micro-simulations) op-
erate at the level of individual simulated entities (SEs),
for example an individual vehicle of a person, or the in-
dividual herself crossing the street and entering a bus.
Transportation micro-simulations address very detailed
questions, but are often limited in scale to at most
thousands of SEs. Macroscale simulations operate at
the aggregate level, abstracting away from individual
SEs in favor of concepts like flow. They can scale to
much larger systems, but cannot address detailed ques-
tions involving individual SEs. Unfortunately there is
a big gap between the accuracy of micro-simulations
and the scalability of macro-simulations which limits
the types of interesting simulations that engineers and
scientists are able to perform.1 We scale up transporta-
tion micro-simulations by moving the designers of sim-
ulations towards design patterns motivated by compu-
tational thinking about scalability, we will scale trans-
portation micro-simulations to macroscale, thus allow-
ing scientists to address detailed research questions at a
truly large scale.

2.1 Emissions Exposure Estimation
Air pollution is an issue of significant importance

to public health, climate, visibility, and the ecosystem
in the U.S. and across the world. The literature link-
ing air pollution to adverse impacts is extensive and

1Mesoscale simulations attempt to circumvent the scale limita-
tions of micro-simulations, informally, performing a micro-simulation
in an evolving environment determined by a macro-simulation. How-
ever, they usually require some deep analysis, make many approxima-
tions and are very difficult to program.



growing. Exposure to airborne particulate matter and
ground-level ozone increases the risk of cardiovascu-
lar disease and lung cancer [7], raises children’s asthma
rate [11, 17], and leads to premature death [19]. Trans-
portation emission is the single largest source of air pol-
lution in most urban areas, especially megacities [13].
Numerous studies have found that traffic-related air pol-
lution can trigger heart attacks [15] and lead to can-
cer [6]. In fact, more people are killed by air pollu-
tion from vehicles than by traffic accidents [10]. Thus,
air pollution is a top environmental priority, and trans-
portation emission control is crucial to winning the bat-
tle against air pollution.

The bridge between air pollution and health effects in
advanced simulation models is the notion of exposure,
which combines ambient and indoor air quality with the
activities of individuals—where, when, and how they
travel or play—to predict health effects. Accurate ex-
posure estimation is an essential input to a scientifically
robust environmental management policy. It is not fea-
sible to measure exposure of a large or widespread pop-
ulation with accuracy; instead, exposure estimates must
be obtained by simulation. These simulations must be
done at fine granularity for several reasons. First, the air
quality model is more accurate with finer spatial resolu-
tion. The National Research Council reports that large
grid sizes smooth out predicted concentrations of pol-
lutants [10]; another study found significant improve-
ments in prediction of wind components by reducing
grid size to 200×200 meters [9]. The existence of small
sources of concentrated vehicular emissions (e.g., in-
tersections with traffic signals) suggests that even finer
granularity may be needed. Second, the effect of ex-
posure is captured more accurately with finer temporal
resolution. This is true even if average exposure is the
same—a coarse-grained simulation cannot distinguish
between an hour of exposure to 5 units of pollutant and
an hour during which exposure increases from 0 to 10
and returns to 0.

To achieve high-quality exposure analysis by micro-
simulation requires four fundamental component mod-
els, together with a high-performance simulation infras-
tructure to tie them together. An air quality model,
such as the the Community Multiscale Air Quality
model [12], delivers estimates of the levels of ozone,
particulates, toxics and their evolution over time. An
exposure model estimates health effects of levels of ex-
posure to pollution over time. An emissions model
describes the relationships between transportation be-
havior (e.g., vehicle speed, acceleration, drivers behav-
ior) and emissions. Finally, a transportation activity
model for micro-simulation needs to provide second-by-
second transportation activity patterns, including speed

and acceleration of individual vehicles. All these com-
ponents are now available, except for detailed activity
patterns. For over a decade, these have been impossible
to obtain for larger areas by simulations because of the
difficulty of computing fine-grained micro-simulations
on a large scale.

We have developed a transportation simulation
framework (of both activities and networks) for more
accurate, high-resolution, and realistic second-by-
second transportation activity data. As a case study, we
are planning to develop and implement activity mod-
els for the New York City metropolitan area, which
has the most diversified and complicated transportation
network in the world. We hope that this application
of large scale and finely resolved transportation activ-
ity simulation will (1) provide fundamental insight on
the influence of transportation systems on urban ozone
and particulate matter pollution; (2) provide more accu-
rate spatio-temporal mobile emissions data for the city
of New York; and (3) advance transportation-air qual-
ity modeling in terms of understanding the implications
of socio-economic, land-use data and traveler’s decision
making for air quality and public health.

3 Transportation and Data Mining
There is a rich bi-directional connection between

transportation simulations and data mining. We will
outline one such example.

Mobile emission inventory models require trans-
portation activity inputs such as traffic volume, vehicle-
miles traveled (VMT), travel speed and so on by vehi-
cle class (e.g., light-duty auto, heavy-duty truck) to es-
timate running exhaust emissions, since emission rates
(grams/mile) vary dramatically across different vehi-
cle classes [8]. In particular, emissions estimates used
in advanced air quality simulation and exposure as-
sessment models desire the emissions inventory, hence
transportation activity data, to be computed at fine tem-
poral (e.g., hourly) and spatial (e.g., a 4km by 4km grid)
resolution. Therefore, the accuracy of this whole chain
of models is heavily dependent on the accuracy of trans-
portation activity inputs, of which truck transportation
data is the focus of this study.

In practice transportation activity data of light-duty
vehicles (e.g., passenger cars) are available, to certain
degree of accuracy, in period-based outputs from travel
demand models or from highway performance monitor-
ing data. Traffic on roads consists of a mix of differ-
ent classes of vehicles, which produce different levels
of emissions per mile driven. Vehicle mix is therefore
important for accurate emissions estimation. Vehicle
mix/classification data is important, yet very hard to ob-
tain, and even harder if fine spatial and temporal reso-
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lution is desired. Oftentimes the default values in emis-
sion models, which may not be representative of a par-
ticular area, are used [4, 2, 3]. Trucks, especially heavy
duty-diesel trucks, tend to contribute more than their
fair share to emissions, accounting for approximately
60% of nitrogen oxides and 40% of particulate mat-
ter in running exhaust emissions in 2008 in California
[5]. Emissions factors (grams/mile) of trucks are tens
of times higher than those for passenger cars. If the de-
fault vehicle mix in an emission model under-estimates
the proportion of truck traffic, adoption of the model
default will lead to under-estimation of the emissions
inventory.

Therefore, developing a model for better estimation
of hourly truck traffic on road networks is important
for improving the accuracy of mobile emissions inven-
tory calculation. Thus we need statistical models to
improve estimation of truck traffic for emissions mod-
eling. But the feedback also goes the other way: We
can mine the results from simulations to understand the
root-causes of large emission concentrations, and we
can use simulations to guide data mining techniques to-
wards the right parameter space. However, all of these
ideas require scalable transportation micro-simulations,
the topic of the next section.

4 Scaling Transportation Simulations
Fundamentally, the computational problems of trans-

portation micro-simulations lie in lack of scalability: in-
creasing the size or granularity of a transportation sim-
ulation also increases the amount of memory and pro-
cessor performance needed to run the simulation in a
reasonable amount of time. In prior work, we have
developed the scripting language SGL for increasing
the number and expressiveness — meaning the level of
sophistication of behaviors — of nonplayer characters
(NPCs) in real-time strategy games [18]. In our ap-
proach, the programmer specifies the behavior of NPCs
at the unit level in SGL. We then compile the behavior
of all NPCs into a huge extended relational algebra plan
which we can optimize and process efficiently. Specif-
ically, we can take this query plan and (1) add indices
which give us asymptotic performance improvements,
(2) rewrite the query plan into a more efficient one, and
(3) generate an execution plan that scales to the num-
ber of cores and available main memory across a clus-
ter. We call this style of processing which isolates the
programmer from implementation and execution details
declarative processing. The programmer scripts only
the behavior of an individual NPC; efficient processing
of all NPCs is left to the game engine. Our work on
SGL has shown that declarative processing can result in
orders of magnitude performance improvement for sim-

ulation games [18].

4.1 Declarative Processing
There is an impedance mismatch between the declar-

ative processing model we presented and the imperative
programming languages that transportation simulation
designers are used to. When designing transportation
simulations, it is natural to think in terms of the behav-
ior of an individual SE that is simulated, and we would
like our programming model to reflect this level of ab-
straction. It is only natural to write procedural code, and
not try to express the transportation simulation behavior
in a declarative language such as SQL. In other words,
we want to give the engineer the abstraction of a tra-
ditional imperative programming model with sequential
execution — but at the same time we would like to be
able to automatically scale the transportation simulation
across many cores and across a cluster; that is, behind
the scenes we would like to enable declarative process-
ing of the transportation simulation.

One of the main ways in which declarative process-
ing achieves performance gains is by intentionally lim-
iting expressiveness. Consider relational algebra, the
algebra behind SQL [16]. Relational algebra does not
support arbitrary iteration: it has no for or while
loops and no recursion. The only type of iteration that
it does support is the for-each loop, which iterates
through the elements in a list. This type of iteration —
a “join” – has been heavily researched and highly op-
timized. Join iteration is capable of expressing a wide
range of complex algorithmic behavior, in particular, it
is sufficient for all scenarios that we have encountered
in practice. Thus the performance benefits that we ob-
tain by restricting ourselves to join iteration outweigh
the small loss of expressiveness.

In order to implement this restriction on expressive-
ness, we could try to identify and separate joins from
arbitrary iteration in the program logic. However, this
is a very difficult problem in general. A better approach
is to identify design patterns amenable to declarative
processing and then to provide language constructs and
tools based on them. Let us present a first such basic
design pattern that allows for extensive declarative op-
timizations. We will then discuss processing optimiza-
tions that this design pattern enables

4.2 The State-Effect Design Pattern
We call our first design pattern the state-effect pat-

tern. It ensures that imperatively-specified transporta-
tion simulations can be executed declaratively. We sep-
arate the attributes of simulated entities into two disjoint
classes: states and effects. Our simulation proceeds in
steps. State values change only at the end of each step;
effects can change within the step as SEs interact with
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other SEs and the environment. Having classified all at-
tributes as states or effects, we put restrictions on how
states and effects can interact; these restrictions will be
enforced by the script compiler. Essentially, every SE
has an associated script, which loops repeatedly through
these phases:
(1) It queries its own state attributes and those of some

(potentially all) other SEs.
(2) It computes new values for effect attributes.
(3) It updates the state attributes using their old values

and the newly-computed effect values.
Because the state is not updated until the end of the
simulation step, the query and computation phases of
different SEs are isolated from one another and can be
evaluated in any order, or in parallel, or even unsyn-
chronized. This feature has been exploited by game en-
gineers to parallelize physics computations on modern
GPUs [14], and map-reduce and its variants have a sim-
ilar property. This is the crucial property that allows
us to optimize scripts using database techniques. Sup-
pose each of our SEs were represented as a record in a
database table. We could compile the query phase into
a single database query that returns a new table of ef-
fects on each object. The post-processing would then
use a standard programming model to update the SEs
from the values in this effect table. It is well established
that the benefits of using traditional database techniques
to speed up the query phase can be enormous [16].

4.3 Efficient Declarative Processing
When using the state-effect pattern, we benefit from

the following techniques for the evaluation of micro-
simulations. These techniques have already shown great
benefits for large databases and games:

• Set-at-a-time processing. Instead of processing
SEs individually, we can use database query pro-
cessing operations to process the simulation for
multiple SEs at once by sharing computation.
Specifically, we will introduce language features
that permit deep analysis of the resulting scripts to
facilitate such sharing.

• Novel index structures and associated processing
techniques for aggregate computations in simula-
tions. Initially we will make use of sophisticated
index structures developed by the database com-
munity to efficiently retrieve information about the
environment of the SEs and to allow sharing of this
computation. To further improve performance, we
will develop specialized new index structures to
support simulations.

• Parallel processing. We can adapt parallel query
processing techniques from the database commu-
nity to achieve linear scaling as more hardware is

added. This will be completely transparent to the
simulation programmer.

4.4 From SGL To Transportation Simulations
While the analogy between real-time strategy games

and simulations is very strong, SGL has several limita-
tions that keep it from being applicable in a straightfor-
ward way to traffic simulations. First, SGL is designed
for games, which have very different performance to ex-
pressiveness trade-offs. SGL does not have to support
a wide range of behaviors — just those that we have
encountered so far in games. Simulations, however, re-
quire a much larger space of possible behaviors. For
example, preliminary study of the C++ code for a trans-
portation simulation [1] found a huge amount of branch-
ing, resulting in DAG-shaped query plans that we need
to handle efficiently. Second, the real-time constraints
in games prohibit behavior that cannot be processed at
the animation frame rate. Game designers often “cheat”
and substitute inaccurate behavior that looks acceptable
to the user. Simulation designers, on the other hand,
may sacrifice some speed to get scientifically accurate
results. Thus, while the general processing model may
be the same, the design and optimization of the pro-
gramming language are quite different.

Scientific simulations also have very different main
memory requirements than computer games. In games,
memory is dominated by graphic objects such as 3D
models or texture maps, which are rare in simulations.
However, if we simulate enough SEs—say all the vehi-
cles in a megacity—we may not be able to fit them all
in memory at once. Additionally, spatial indices and
other data structures for improving performance also
consume memory. Effective usage of physical memory
is crucial to efficient processing of high performance
simulations.

Behavior of SEs in simulations will also result in
very non-traditional query plans. Traditional database
query processors are optimized for disk-resident data
whereas to achieve sufficient performance for simula-
tions we will scale across the aggregated memory of a
cluster. In addition, as already pointed out, the gener-
ated query plans will not be tree-structured but DAG-
structured, resulting in very novel challenges for query
optimization. Last, our custom in-memory query pro-
cessor should allow us to make effective use of multi-
core processors and all the resources in a cluster.

4.5 Tools
Unfortunately, while we can use declarative process-

ing to greatly improve performance in simulations, a
side effect is that the simulations can be very hard to de-
bug. The query plans needed to achieve optimal perfor-
mance and effective use of parallel processors are very
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different from the individual behavior programmed by
the simulation designer. Hence, while we design our
in-memory query processor for performance, we need
to design a means to translate the simulation state back
into a processing model that the designer understands.

In general, the size and scale of these simulations
can make debugging very complicated. The behavior
of each SE in the simulation could conceivably depend
on the state of every other SE in the simulation. Fur-
thermore, since each step in a simulation depends on an
earlier step, small and hard-to-detect errors in the simu-
lation can lead to larger errors later on. Therefore, when
unexpected or incorrect behavior occurs in a simulation,
it can be very difficult to determine exactly what caused
that behavior. We need tools for debugging and visual-
izing the chain of interactions between SEs in the simu-
lation, to isolate and fix incorrect behavior.

5 Ongoing Work and Conclusions
We are currently working on implementing our ideas

in a first prototype for truly scalable micro-simulations
of large transportation networks.

While we are currently targeting accuracy of micro-
simulations in the transportation and environmental
modeling communities, there are many other instances
where research communities are clamoring for the ca-
pabilities of truly large-scale micro-simulations ranging
from biologists who want to understand complex, emer-
gent behavior from simple individual behavior such as
ants or bees to ornithologists who would like to sim-
ulate the migration behavior of birds to scientists who
investigate disaster response capabilites.
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