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Abstract
Large numerical simulation codes have been applied to a wide range of scientific and
engineering problems. In the environmental arena the ability to predict the results of
certain scenarios by computational science has allowed the choice of strategies which
maximize desired outcomes (e.g. financial return) whilst minimizing environmental
damage. Access to high performance computing resources has focussed attention on the
development of environmental decision support systems which can be used by regulatory
agencies and industry planners in evaluating different policy options. A common
objective is to find a solution which optimizes some pre-defined criteria. In
environmental modelling, the type of optimization problems which need to be considered
involve non-linear cost functions over both discrete and continuous parameter values.
In this paper we address the optimization component of a decision support system, and
perform some initial benchmark studies to assess the effectiveness of the overall
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approach. The algorithm selected for initial study is based on the quasi-Newton BFGS
method. Whilst the BFGS algorithm is generally implemented sequentially, because of
the focus of the decision support systems described in the paper we are interested in
parallelizing the basic algorithm. This is achieved by concurrent evaluation of functions
in finite difference approximations to the derivative and a method of interval subdivision
in simple bound constrained line searching.
In a realistic problem of air quality management, use of the parallel optimization
algorithm as part of an optimizing decision support system is shown to have significant
performance gains over other methods of solution. In initial tests it uses less than half the
evaluations of a computationally demanding numerical simulation previously used
simple enumeration techniques require and is four times faster than traditional sequential
optimization methods. This case study has successfully demonstrated the application of
an optimization system to a core environmental model, and the feasibility of its use to
solve real world problems using parallel and distributed supercomputers.
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1. Introduction.
Large numerical simulation codes have been applied to a wide range of scientific and
engineering problems [1]. In the environmental arena the ability to predict the results of certain
scenarios by computational science has allowed the choice of strategies which maximize desired
outcomes (e.g. financial return) whilst minimizing environmental damage. In the area of air
pollution, such technology has been used for real world studies predicting air pollution levels
over a planning horizon, and then examining control strategies which are realistic [2,3,4].
Access to high performance computing resources has focussed attention on the development of
environmental decision support systems which can be used by regulatory agencies and industry
planners in evaluating different policy options [5]. A common objective is to find a solution
which optimizes some pre-defined criteria. The problems may be posed as questions such as
“What set of control parameters will minimize production of smog over the planning horizon?”
or “How can we minimize the financial burden of maintaining a desired air quality standard?”
These are the straightforward uses for which optimizing decision support systems are intended.
Performing real world optimization using computational models is computationally very
demanding. Parallel and distributed supercomputing is generally seen as the only cost effective
pathway for the delivery of timely results. It is routinely used in the preparation of
meteorological forecasts, an application which whilst under considerable pressure to deliver
results in short time frames, is possibly orders of magnitude less demanding in terms of
computing cycles required. An optimal solution to an environmental problem may not need to be
delivered with less than 24 hour turnaround, but it should be available before the reasons for the
question are forgotten! It is for this reason that a major focus of the work described in this paper
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is parallelization of the optimization algorithms used for solving these problems.
There are also a number of interesting optimization problems during the development of such an
environmental decision support system. Modelling photochemical pollution has a number of
essential components. Meso-scale meteorological flows can have a profound effect on smog
production. Successful simulation of photochemical smog production in turn requires the
accurate simulation of these air flows. Over the years, a number of prognostic mesoscale wind
field models have been developed to compute 3-dimensional wind fields [6,7]. Wind field
models are based on the dynamics and thermodynamics of large scale flow, as described by the
Navier Stokes equations. Physical processes, such as the effect of solar and longwave radiation
and interactions with the surface, must also be included. It is these effects in particular that may
require considerable tuning to minimize the variance between computed and measured wind
fields. This provides another opportunity for application of optimizing systems to internally
verify the environmental model itself.
A decision support system can thus be applied in a number of different ways and, if engineered
properly, will serve all these purposes using one architecture.

2. The Architecture of an Optimizing Decision Support System.
The architecture of the envisaged decision support system is shown in Figure 1. It will have the
following characteristics:
•

It should utilize high performance parallel and distributed platforms, as the most cost
effective way of providing sufficient computing cycles to perform real world optimization
using computational models.

•

It should incorporate a wide range of optimization algorithms where the cost of a solution is
computed by a modelling application, to tackle the various different types of optimization
problems encountered in environmental modelling.

•

It should allow for rapid prototyping of an experiment, since users of such systems often like
to experiment with different aspects of the model and explore a wide range of scenarios.

•

It should incorporate user interaction in the decision making process. Since it is often
difficult to formulate a good cost measure for some environmental problems, it is useful if
the user can guide the system using domain specific knowledge.

In this paper we only address the optimization component of the architecture, and perform some
initial benchmark studies to assess the effectiveness of the overall approach. While numerical
non-linear optimization is a large, well established field [8,9,10,11], combining optimization
with computational models is quite recent. In general, environmental models are
computationally expensive, and thus high performance computing platforms are required in
order to deliver solutions in a timely manner. The development of parallel algorithms for the
tasks to be completed is thus an integral part of system development.
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Figure 1. Decision Support System Architecture
In environmental modelling, the type of optimization problems which need to be considered
involve non-linear cost functions over both discrete and continuous parameter values. Many
robust codes for such purposes have been developed. Finding optimal solutions to discrete
problems in which the cost is computed by a numerical simulation is extremely demanding.
Meta-heuristics like simulated annealing [12], genetic algorithms [13], and Tabu search [14],
are candidates for searching the parameter space. However, these can be computationally
expensive in their own right and the difficulties involved in using them with expensive
application models and integrating them with continuous function solution requires further
investigation.
For continuous functions, gradient descent methods use the derivative of the cost function, as
well as its value, to select a search direction, essentially reducing the multivariate optimization
problem to univariate minimization along a search vector; a line search. They thus consist of two
main operations which are executed repeatedly, gradient calculations and line searching. The
algorithm selected for initial study is based on the quasi-Newton BFGS method, widely regarded
as one of the most efficient and robust gradient descent methods for use with continuous
functions[8,9,15].
When the cost function is the computed result of a numerical simulation, as proposed in this
paper, finite difference approximations to the derivative must usually be employed. Whilst the
BFGS algorithm is generally implemented sequentially, because of the focus of the decision
support systems described above we are interested in parallelizing the basic algorithm. The
gradient information gathering phase of the algorithm appeared a promising candidate for
parallelization. The degree of parallelism achievable is limited, however, by the dimensionality
of the problem domain.
For unconstrained optimization the line search phase is often inherently sequential, but for the
class of problems under consideration there will often be restrictions on the expected range of
variables determined by physical constraints on their possible values. The restricted expected
range of the variables allows the formulation of these problems as nonlinear optimization
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problems with simple bounds, and so the line search phase of the algorithm may be parallelized
by using a method of interval subdivision, rather than the typically used sequential stepping
methods. A brief outline of the parallel algorithm is given in Appendix A. A detailed description
is given elsewhere [16].

3. Air Quality Management – An Initial Benchmark
In the target domain of air quality management, one of the major uses of photochemical airshed
models is to compute oxidant concentrations. Oxidants, such as ozone, are generated as a result
of the chemical interaction between various precursors such as oxides of nitrogen (NOx) and
other reactive organic compounds (ROCs) in the presence of ultra-violet radiation. Ozone is of
particular importance because of its health related side effects; ozone levels in Australian urban
areas recently have been observed to exceed 0.12 ppm, which is a widely adopted health
standard level. Results in this area are of considerable and immediate interest to our
environmental research colleagues.
The prototype parallel optimization code is being used with the CIT model developed by McRae
et al [17], to compute the transport and production of photochemical smog within an urban
airshed. As such it forms one half of the decision support architecture described in this paper.
The addition of user steering is to be part of future development work, and may draw on other
research to support this function [18]. The system is currently being used to determine the
sensitivity of oxidant photo-chemistry to various input parameters.
The benchmark described in this paper was based on detailed meteorological and pollution
emission data for a particular scenario have been collected for the Australian city of Perth.
Further sampling studies are being performed for a number of other Australian cities. The model
behaviour is well understood, as it has served as the basis for earlier work including simple
enumeration studies on parallel and distributed computing platforms [19]. As an initial
benchmark for the work the optimization algorithm is used to determine the NOx and ROC
concentrations, as input parameters, that would produce a minimal peak hourly average ozone
concentration over a 24 hour period. Future studies are expected to require minimization over up
to 10 different input parameters, and objective functions related to overall population exposure
to a variety of chemical species.
Figure 2 shows a sample ozone contour for the model region. It clearly shows the non-linear
effect of varying ROCs and NOx on the ozone concentration. In some regions of the control
space, increasing one of the precursors can increase the ozone, and in others it can decrease the
ozone. Thus, a simplistic strategy of decreasing the precursors may not have the desired effect of
decreasing the oxidants. It is this effect that makes it essential to correctly model the process
when evaluating control strategies.
The parameter ranges are limited to a subset of the whole domain to exclude the trivial solution
of reducing all precursor concentrations to zero. These limits were initially arbitrarily set to 50%
in each dimension, but the range permissible for NOx was expanded down to 25% to allow the
distinct non-linear feature seen in Figure 2 to extend across the whole domain. The desired
solution accuracy is arbitrarily set to ±5% in the input parameters, a reasonable estimate for the
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accuracy of the simulation.

Figure 2. Typical surface: Ozone concentration (ppb) as a function of NOx and ROC
The initial benchmark was run on an IBM SP2 supercomputer. Since the problem was only 2dimensional, the gradient determination used a maximum of 4 CPUs. This is because central
difference approximations are used for gradient calculation, performing two function evaluations
for each of two dimensions, giving a total of four independent operations. The configuration of
the supercomputer places a current practical maximum of 10 CPUs on the line search phase of
optimization. Since the machine is a shared facility, this maximum number of CPUs may not be
allocated to every line search request.
During the period of this trial an average 4.6 CPUs were utilized. The parallel distribution of
function evaluations was prototyped in Linda and the separate gradient calculation and line
search tasks were submitted via system calls to the IBM LoadLeveler batch queueing system
with appropriate requests for parallel computing resources for each task.
A solution set of input concentrations of NOx and ROC that minimized generated ozone was
found at 100% NOx and 50% ROC. Inspection of Figure 2 confirms this to be the global
minimum for the search domain. This result was achieved in under 14 hours of wall-clock
compute time (ignoring queue wait time). This represents 46 evaluations of the cost function,
using a simplified chemistry [20] in the airshed model to reduce the computational load in these
exploratory tests. Each run of the airshed model currently takes about 1 hour 20 minutes of CPU
time. A comparable solution by simple enumeration would require an estimated 140 hours of
computing.
The same problem was solved using an inherently sequential optimization algorithm. This
algorithm uses a combination of bracketing the minimum by parabolic extrapolation followed by
isolation of the minimum using Brent’s method[21]. The parallel algorithm, as mentioned at the
end of section 2, was modified to use an iterative interval subdivision method for line searching.
Using a single CPU of the IBM SP the sequential algorithm required 51 hours of wall-clock
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compute time, performing 39 evaluations of the cost function. The prototype parallel code thus
achieved a speedup of 3.8 relative to the sequnetial algorithm. Using 4.6 CPUs this represents a
parallel efficiency of 83%. The effect on speedup of the number of processors allocated to a line
search, and thus the number of interval subdivisions performed concurrently, will be investigated
in future work.
Unlike the parallel algorithm, the sequential algorithm terminated in a local minimum (79%
NOx, 50% ROC) which was close to the global minimum actually discovered by the parallel
algorithm. The method of line search adopted in the parallel algorithm has been found to more
reliably find global minima in a number of test cases.

4. Discussion
In the example just discussed only 2 parameters are used in the optimization. As previously
noted up to 10 parameters may need to be optimized in future studies. While the models in
practice cannot be expected to be more than ±5% accurate, even at this accuracy for increasing
n simple enumeration requires 10n cost function evaluations. This rapidly becomes an infeasible
method of solving problems of this type. The behaviour of the parallel optimization algorithm
for increasing n is a subject of future work. The evidence of these early trials in which it uses far
fewer function evaluations suggests it to be considerably more efficient than enumeration.
Further tests are also required to compare its convergence rate with that of sequential
optimization methods.
As indicated, the benchmark problem used an average 4.6 CPUs during the trial. There are
practical limits to the number of CPUs this method can profitably utilize. During the gradient
determination phase, two CPUs are required for each dimension, to perform the finite difference
approximation. So any more than 2n processors are wasted for gradient determination. For the
benchmark problem n = 2, so the maximum number of processors useful for gradient
determination is 4.
During the line minimization phase, interval sub-division is repeated until the sub-intervals are
less than the desired tolerance. So for a given fractional tolerance, t, the maximum number of
CPUs that can usefully be employed is 1/t. Since most line searches will be less than the entire
span of the search domain, to a first approximation the average number of CPUs usefully
employed will be 1/(2t). For the benchmark problem t = 0.1 so the number of processors useful
for line minimization is 5.
For the benchmark problem, the number of processors available actually coincided with the
theoretical optimum most of the time, as reflected in the high parallel efficiency. With some
code refinements the parallel efficiency could be made very high because of the negligible extent
of serial code, most computation being performed in parallel in the objective function
evaluation. The algorithm scaling, however, is strictly limited by problem parameters.
Unlike the sequential algorithm, the parallel algorithm is not trapped in some local minima. This
is illustrated in Figure 3 which shows the sequential algorithm using a combination of stepping
and parabolic interpolation, and the parallel algorithm using interval sub-division. The sequential
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algorithm terminates in the first minimum found, while the parallel algorithm, extending its
search to the boundary, finds the lower minimum.
To date only simple bounds on the optimization domain have been considered. The end uses of
the decision support system may involve more general constraints. Of particular note is the
challenging extension to the case study described in this paper, where the objective becomes the
minimization of the financial cost of achieving some desired standard of air quality. In this case
the problem may be expressed as the minimization of a (possibly discontinuous) multivariate
linear function, the financial cost of reductions in emissions, subject to non-linear constraints
derived from numerically intensive simulations of smog generation.

Figure 3: Comparison of sequential and parallel line minimization
The system architecture described in this paper is quite similar to that of the DAKOTA project at
Sandia Laboratories [23] in the U.S.A. It additionally allows for interactive steering of the
application which is important for the target application domains. DAKOTA has mainly been
applied to problems in structural mechanics. The focus of the work reported here is on
environmental applications so in this regard too, it is complementary to the work at Sandia
Laboratories.
As the DAKOTA project has already shown with successful applications in container shape
optimization, coating flow die design and vibration isolation system design, the techniques
described in this paper have potential for much wider application than the initial environmental
problems for which they are being developed. Interest has already been expressed in their use in
vehicle aerodynamic drag minimization studies and prosthetics design in medical engineering.

5. Concluding Remarks.
Other authors [22] have demonstrated domination of computing time by user-supplied functiongradient evaluations. In the class of problems under study in this work, this trend reaches an
extreme where the computational cost of the optimization algorithm is essentially negligible. In
this light, the concurrent performance of function evaluations becomes of paramount
importance.
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In a realistic problem of air quality management, use of a parallel optimization algorithm as part
of an optimizing decision support system has shown significant performance gains over other
methods of solution. In initial tests it uses less than half the number of evaluations of a
computationally demanding numerical simulation than previously used simple enumeration
techniques require and is more than four times faster than traditional sequential optimization
methods. This case study has successfully demonstrated the application of an optimization
system to a core environmental model, and the feasibility of its use to solve real world problems
using parallel and distributed supercomputers.
Future work is anticipated to improve the robustness of the methods in application on a wider
range of problems. Applications other than those studied to date are anticipated to include
discrete parameters as well as continuous variables, and the probable inclusion of a “floor
function” termination criterion to facilitate go/no-go design decisions. Other issues involved in
building a real decision support system, such as the user steering system, integration of
visualization sub-systems and user interface will be part of future development work.
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Appendix A - Parallel Algorithm
Initialization
• Evaluate the objective function at the starting point
• Calculate the gradient at the starting point by finite difference approximation (parallel
function evaluation)
• Set the inverse Hessian to the unit matrix
• Set the initial line direction to the inverse of the gradient
Perform line minimization
• Truncate the line search vector for active constraints
• Determine the nearest boundary in the search direction and set maximum excursion
accordingly
• Sub-divide the interval as desired (usually an integer multiple of processors available)
• Evaluate the objective function at the sub-intervals (parallel function evaluation)
• Select a bracket of three points containing the minimum value
• Yes - Line minimization complete
• No - Sub-divide the bracket and repeat the evaluation
Test for convergence
If
(step change in function value and largest step change in position in any
dimension are less than the desired tolerance)
Then {Calculate the gradient at the “minimum”
If
(gradient is less than an empirically determined constant)
Then optimization is complete
Else {if
(the “minimum” is at a boundary normal to the gradient)
Then optimization is complete
Else { if
(change in function value over previous two steps
is less than desired tolerance)
Then optimization is complete
Else {Reset the inverse Hessian to the unit matrix,
reset the line search direction to the inverse of the gradient
and repeat line minimization}
}
}
}
Perform BFGS update
• Calculate a new gradient at the line minimum
• Calculate the step change in the gradient
• Apply the BFGS update to the inverse Hessian
• Calculate the new line search direction and repeat line minimization
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