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CHALLENGES IN STUDIES OF COMPLEX PHENOMENA VIA SIMULATION 

Leslie M. Moore 
Statistical Sciences Group, MS F600 

Los Alamos National Laboratory, Los Alamos, NM 87545 
-- lmoore@ lanl.gov 

1. Introduction 
Computer codes are being developed to model many complex phenomena. Use 

of these models to inform a process they are meant to simulate poses many challenges, 
including design of computer experiments and statistical analysis of simulation results. 
Often these computer simulations have relatively high dimensional input or output, so 
one of the first goals of experimentation is to reduce to a manageable subset of inputs that 
have greater potential impact on some one or few output summaries deemed of interest. 
Variance- based methods are useful for determining variables having substantive 
influence on the experimental results, but any structure of underlying relationships 
between inputs and outputs is also of interest. Design of computer experiments from 
which information can be obtained with reasonable efficiency is necessary. 

This paper considers these Challenges via illustration. A study is considered 
involving the performance of a simulation of a series of actuated traffic controls and 
vehicle detectors. In addition to inputs associated with control of the series of traffic 
signals, there are inputs associated with demand. Ideally, settings are sought for the 
control parameters that lead to good performance of the simulation across a range of 
realistic demand possibilities. Good performance of the simulation is based on how 
realistic is the resulting traffic flow as measured by such summaries as average time 
stopped or average travel time by vehicles entering the control area. Although the main 
goal of this study is to determine an “optimal” set of control parameter values, simulation 
experiments are undertaken to generate data that allow possible capture of dynamics of 
interest and sensitivity of outputs to sets of input parameters. 

In the following background section, some more details, although still a 
simplified description in layman terms, of the computer model evaluation project is 
presented. In section 3, an initial, exploratory evaluation of the simulation via 
comparison of correlation coefficients for different subsets of inputs based on the results 
obtained from a design experiment is presented. Concluding remarks on continuing and 
related work appear in section 4 with additional acknowledgements in section 5. 

2. Background 
The simulation of a series of actuated traffic controls and vehicle detectors 

arises as part of a larger transportation simulation effort. Collaborators in this effort 
include Brian Bush (Energy and Environmental Analysis Group), Richard Beckman 
(Statistcal Sciences Group), and Kathryn Berkbigler (Computer Research and 
Applications Group). Much of the background summarized here appears in initial work 
on single actuated signals presented in Barrett, et a1 (2000). Current work considers a 
corridor of up to 5 signals. 

In transportation simulation, an all-purpose, generic and flexible simulation of a 
corridor of actuated traffic controls and vehicle detectors is desired for general use in 
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studies that do not require specific representation of such traffic control. As a component 
of a larger transportation simulation of a possibly large metropolitan area, such a tool 
would be useful since existing signal corridor information is limited, difficult and 
expensive to obtain, and forecasting for planning is a harder problem than understanding 
current transportation and may not capture new signal/detector technology. 

A generic simulation of a series of actuated traffic controls and vehicle detectors 
would ideally accurately represent traffic behavior resulting from a wide variety of traffic 
demands for a particular set of signal/detector control parameters. The main goal of 
computer model evaluation of the simulation of a corridor of actuated signals is to 
identify an “optimal” set of values for parameters associated with signal/detector control. 
This is a difficult problem in part because there is no absolute utility measure. It is hoped 
that there will be a set of control parameter values that yield realistic traffic behavior 
through a series of signals for a variety of traffic demands. What constitutes realistic 
traffic behavior is ill defined but some measures deemed relevant include time required to 
get through the corridor, number of stops, and time stopped. 

The following lists six control parameters considered: 
-Three parameters for signal/det ector control 

-velocity factor: [3 
-density factor: p 
-flow factor: q 

-length: I 

-initial green: G 
-green extension as a fraction of initial green: y 

-One parameter for detector 

-Two parameters for signal 

The signal/detector control parameters, p, p, and q, are associated with the 
probability distribution for selecting a next phase, that is a state of traffic flow (such as 
north-south through traffic has a green light), based on demand for movement in the 
current phase. Although it is conceivable that each signal/detector in the corridor might 
have different control parameters, for the present study these parameters, as well as the 
detector length parameter, I, are taken to be universal across the corridor. Note that this 
does not imply that activity at each intersection is the same since a phase change in traffic 
flow in any given intersection depends on a probability distribution which also is affected 
by demand measured (possibly with error) by detectors. A newly-chosen phase persists 
for its initial green time, G, and a resedected phase persists for its green extension time, 
yG. Again, it is most likely, and ordinarily assumed, that G would differ within an 
intersection for to up to four possible phases: north-south traffic flow, east-west traffic 
flow, north-south left turn traffic flow, and east-west left turn traffic flow. However, for 
the experiment considered below G will be the same within an intersection for the traffic 
phases allowed and across the miiltiple intersections in the corridor. 

Demand is defined by spacing between signals and vehicle headways (spacing in 
seconds) for each of up to 12 possible movements determined by vehicle heading (north, 
south, east, or west) and vehicle movement (left or right turn, or through movement). A 
simplifying assumption is to disallow turns and consider east-west demand to be the same 
at each intersection in a north-south corridor of signals. In this case, demand is defined 
by a 4-vector of values for spacing of vehicles entering the corridor from four directions 
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denoted (S-e,S-w,S-n,S-s) and signal spacing referred to as Delta. The following 
describes a variety of 9 demand vectors that were considered in the study described in the 
next section. 
~ B . ~ . ~ . . . ~ . . . . . . . B . U ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ D I ~ D ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ B B ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ ~ I  

i - ~  

Cases - s-w 
A heavy 
B heavy 
C moderate 
D moderate- -- 
E heavy 

none none 200 
moderate light 100 

moderate moderate light 200 
-- 
-I 

The responses for a simulation are a vector of counts of vehicles that pass through 
the corridor, (C-w,C-e,C-n,C-s), average travel time of vehicles, (T-w,T-e,T-n,T-s), 
and average time stopped, (X-w,X-e,X,n,X-s). This collection of responses represents a 
multivariate summary of information tracked on individual vehicles. Further summary of 
response information combines totals for north-south, east-west, or all directions of 
movement. The best summary of traffic flow indicative of realistic traffic behavior is an 
open question. Reasonable values of travel time and time stopped are considered the 
primary responses. 

3. Experiment Design and Analysis 
Again, the goal of the computer model evaluation exercise for the simulation of a 

corridor of actuated signals is to identify an “optimal” set of control parameter values, 
i.e., a set that yields realistic traffic behavior across a variety of demands. Since what 
constitutes realistic traffic behavior and thereby an “optimal” control parameter value is 
not precisely defined, rather than considering this an optimization problem, general 
modeling considerations are taken up. Specifically tools that give insight into the 
relationship between the control parameters and responses identified as of interest and 
most likely relevant are needed. 

The main exploratory analysis tool illustrated here is the correlation coefficient, 
R2, associated with a model based on one or a few inputs for assessing input 
“importance”. Comparison of R2 across subsets of inputs is the basis for judging 
importance. This characterization of “importance” follows suggestions in McKay (1995) 
or McICay, et al. (1992). As an approiAch to screening inputs to a computer code, inputs 
are identified as important according to the level of output uncertainty induced by the 
distribution on the inputs. If Y=h(X) denotes the calculated output, a scalar for 
simplicity, at input vector, X, of length p, then Xs, a subset of scp of the p input variables, 
is assessed important if it has a larger associated value of R2, an estimate of the 
correlation coefficient associated with the goodness of fit to Y of an analysis of variance 
model based on X,. 
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Here assumption of an analysis of variance model based on X, means that the 
mean values of Y are indexed by the distinct values of X,. Note that the assumption of an 
analysis of variance model is least restrictive in the sense that no functional form relating 
Y to X, is apparently assumed; howevcr, the number of distinct values X, determines the 
maximum degree of a polynomial modd that might be fit to Y .  Specifically, if each input 
in X, is identified as a factor with two discrete levels then at most a linear relationship 
between Y and X, is modeled under the assumption of an analysis of variance model. 
The suggested design approach in the following is fractional factorial, or equivalently 
orthogonal array design, with the continuous input variables discretized as factors with 5 
levels. 

Experiment plans are required that will yield useful data for obtaining meaningful 
R2 values for subsets of the possible inputs. Consider the following formula for R2 based 

2 &Xa j on a subset of inputs X,: R (X,)=:-- 2; C < Y i j  - Y . J 2  
rex, J 

where the subscript i varies over distinct values of the s inputs identified in X,, the 
subscript j varies over “replicate” experiments corresponding to a fixed value of the 
inputs X,, and the “dot” subscript indicates the standard average. “Replicate” is in guotes 
since here replicates result from different input values for the (p-s) inputs outside of X,, 
as well as pseudo-stochasticity in the computer simulation. The (p-s) inputs identified by 
X-X, may differ while X, is fixed to obtain pseudo-replicate runs. It is clear that the 
value for yi. will be identically yij if there are no replicate runs. If this is the case for 
every value of the inputs identified by X,, then R2 will have a value identically 1. 
Otherwise, R2 is between 0 and 1. This reasoning leads to considering experiment 
designs such that, for subsets of inputs of a specified size scp, a sampling of values for 
that subset of inputs is required such that “replicates” determined by a sample of values 
for the remaining inputs occur, for at least one of the values of the subset of inputs. This 
is a property of factorial experiment designs. 

Classical texts such as Box and Draper (1987) or Box, Hunter and Hunter (1978) 
propose fractional factorial designs, or orthogonal arrays, as efficient and optimal for 
identifying significant effects in an analysis of variance model and the foundation for 
modeling. Although two or three level factors are most common, it is feasible to consider 
more levels for a factor or different numbers of levels for different factors. In computer 
model evaluation, while there is willingness to discretize the inputs and consider them as 
factors, more than 2 or 3 levels are often desired. For the actuated signals simulation, it 
was decided to discretize the control parameter inputs to six 5-level factors. The 
discretized levels for a continuous input may be objectively selected as fixed points in 
equi-probability intervals based on a distribution assumed for the value of the input. 
Alternatively, the levels may be chosen by the subject matter expert. 

Hedayat, et a1 (1999) provides a good reference on orthogonal arrays. For K 
levels identified by elements in the set L={0,1,2, ..., k-1}, an N x p  array X with entries 
from L is an orthogonal array with K levels, strength t (05 t I p )  and index kif every Nx  t 
subarray of X contains each t-tuple based on L exactly h times as a row. An array with 
parameters N, p, k, and t is denoted OA(N,p,k,t). From this definition, a strength t 
orthogonal array with index h is a set of p-dimensional factorial design points such that 
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if one considers any t-dimensional projection then every point in the Kt factorial design 
space is replicated h times. Likewise, any projection of dimension smaller than t, say 
sct, consist of h*I((t-S) replicates of the KS factorial design space. Hedayat, et a1 (1999) 
provide various bounds relating the parameters of an OA(N,p,k,t) and the existence of 
orthogonal arrays for specific sets of parameters. 

Orthogonal arrays occur in statistical applications as fractional factorial designs. 
A full Kp factorial design space is itself an OA(Kp,p,K,p) with index unity, that is h= l .  
There are several textbooks on statistical experiment design including Raktoe, et a1 
(1981) and John (1971) that are particularly useful for fractional factorial experiment 
design. For K prime, fractions of reriolution 111, IV and V defined in John (1971) or 
Raktoe, et a1 (1981) correspond to orthogonal arrays of strength 2, 3, and 4 respectively 
for which “replicate” runs occur for X, including all values in the KS grid, where sct and t 
is the strength of the array. The resolution or strength associated with an experiment 
design is related to estiinability of effects in a model so that for strength 2 or resolution 
III main effects are estimable if all intertzction effects are assumed negligible. The higher 
resolution indicates some interaction effects are estimable, but for any fraction some 
effects will necessarily have to be assurned negligible. 

In Raktoe, et a1 (1981), a fraction of the factorial design space, or orthogonal 
array, is defined by either a subspace or a coset of a subspace of the design space 
considered as a vector space of p dimensions over the Galois field generated by the 
symbols IF{ 0,1,2,, . . ,k-1 } , Specifically, the Kp factorial design space is associated with 
the set of p-tuples (xI ,x~,x~, . .  {0,1,2,. . .,k-l}’ and under component-wise arithmetic 
modulus I< this set forms a vector space. A fraction of size KP-” for 1 l a 5  (p-1) is defined 
by the design space elements that satisfy a set of a independent and consistent equations 
in the vector space elements. The strength of the array defined in this way is determined 
by the “shortest” among the set of equations satisfied by the components of the design 
points. In general, an equation satisfied by the components of the design points 
(xI ,x~,x~, .  . .,xp) may be written as follows: 

where (al9a2,a3, ... ap) has components i n  L,={0,1,2, ..., k-l}. The length of an equation is 
the number of non-zero elements of (al,a~,a3, ... a&. The strength of an array defined by 
such a group of equations, generated by an independent and consistent equations, is one 
less than the minimum length of equalions in the group. Although not emphasized, the 
modulo k arithmetic generally has undesirable performance for k not prime, so k is often 
assumed prime. 

Hedayat, et a1 (1999) has several tables of parameters for orthogonal array that 
exist and references for construction mr:thods. With few exceptions, most of the arrays in 
these tables are strength 2 or consider only 2 or 3 level factors. Computer experiments, 
especially those with many inputs and the possibility of thousands of runs, allow the 
consideration of strength 3 or 4 arrays. Theorem 3.1 of Hedayat, et a1 (1999) indicates 
that an OA(Kt,K+l,K,t) exists whenever K>(t-1) 20. For K=5, this theorem indicates 
the existence of an OA(G25,6,5,4). 

a, * x, + a2 *x2 + a3 *xg + ... + ap * xp = Omoclk 

The array defined by the equations 
x = l * x  + l * x  t l * x  + 2 * x  mod5and 

x = 1 * x  + 2 * x  + 3 * x 3 + 3 * x 4 n i o d 5  
5 1 2 3 4 

6 1 2 
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determines a resolution IV (strength 3) 5(6-2) fraction of the 56 factorial design space. 
This experiment design was proposed as a set of 625 sets of control parameter values for 
a simulation experiment. The experiment design on the control parameters was fully 
crossed with the 9 demand cases described in the previous section. Additionally, the 
resulting 625x935625 simulation cases were replicated 5 times for a total of 28,125 
simulation runs. 

Based on this set of simulated results, R2(X) was calculated for each response 
based on models including a single input or two inputs for each of the six control 
parameters and the 15 pairs of control parameters. Figure 1 and Figure 2 show plots of 
the ordered R2(X, a single input) with labels indicating the associated single input. The 
R2(X) are calculated using all of the data so the source of variability within levels of a 
single input include the different demand cases as well as the pseudo-stochasticity that 
occurs in replicate runs of the simulation, Hence, it is observed that overall the R2(X) 
values are very small. It might be worthwhile to either analyze the demand cases 
separately or consider some adjustment to the calculated R2(X). Without making any 
adjustment for the different demand cases, it is observed that generally there is an input 
that stands above the others in terms of R2(X) and a few inputs that seem definitely 
unimportant based smaller R2(X) values. The ability to see this type of result across 
several responses is useful as well. Biised on a collective assessment of these plots, the 
analyst may consider fixing and dropping further consideration of the control parameters 
beta and length. Similarly, although rho does not always have a large or largest R2(X), it 
does generally appear to be the most important control parameter. This assessment is 
obviously not based on a statistical test at this point, although some work is being 
undertaken to understand what might constitute a significantly large or larger R2(X) 
value. 

Similarly, Figure 3-6 show plots of ordered R2(X) based on models 
including a pair of inputs. There are 15 distinct pairs of inputs when there are 6 inputs. 
Figures 5 and 6 show only the six largest R2(X) with labels associated with the pair of 
inputs. This was done in the interest of readability of the plots, and the comparison 
between Figures 3 and 4 and Figures 5 and 6 respectively show that the lower R2(X) 
values are not of much interest. Again, the R2(X) generally are quite small and again 
suggest that separate consideration of the demands cases is warranted. However, as 
before, we assert that information on importance of inputs is available from this type of 
analysis and serves to focus further assessment of the computer model. 

4. Conclusions and Future Work 
The analyses suggested above represent a useful, initial exploratory effort towards 

evaluation of a computer simulation. It has been successfully applied to assessment of 
non-stochastic computer models, The current application is different in that not only is 
the actuated signals simulation pseudo-stochastic but the set of demand options 
represents an additional sort of nuisance or robustness variable. Additional analyses 
would incorporate this concept. Although identification of an “optimal” set of control 
parameters is not immediate, this initial analysis provides valuable insight. The analysts 
conducted additional analyses with the data obtained from the designed experiment and 
identified a set of control parameter values that yielded reasonably good simulation 
performance across a variety of demands. Basically, follow-on efforts involved fitting 
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response surface or meta-models to the data and determining a good set of control 
parameters from the fitted models, although some more complicated analyses were also 
undertaken. 

The simulation results obtained from the designed experiment constructed from 
the initial orthogonal array on the control parameter factors provided a good basis for this 
computer model evaluation. General1 y, we are finding that fractional factorial designs 
perform well, better than Latin Hypercube samples (McKay, et a1 (1979)), for the 
analysis goal of identifying one or few inputs that have a larger correlation coefficient. 
Some simulation studies including pseudo-factors have been undertaken that show 
promise as a mechanism for associating significance with larger value of R2. (Are there 
other reports by McKay et a1 or on Todd’s work that could be referenced?) 

There are a number of challenges illustrated here. A basic challenge might be 
described as a need for either calibrating a simulation’s results to available physical data 
or, in the absence of physical data, some expectation defined by the analyst of what 
represents realistic results. Hence, there are challenges associated with calibrationhning 
of simulation models as well as integration of simulation data, expert opinion, and 
physical data. Additionally there are details of the proposed statistical analysis that need 
to be worked out. Namely, assessment of significance of R2(X) values and optimal 
experiment design issues. Also, there are issues related to computer model assessment 
when the computer model does or does not include a stochastic component or there are 
other nuisancehobustness factors to consider. The Statistical Science group at Los 
Alamos National Laboratory is undertaking ongoing work in these areas as well as 
computer model evaluation generally. 
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Appendix: Figures 

1. Array of twelve plots, one for each response 
(C-w,C-e,C-n,C_s,X_w,X-e,X_n,X_s,T_w,T_e,T-n,T-s), of ordered values of 
R2 based on analysis of variance model fitting one input. Since there are 6 
control parameters considered as inputs, there are 6 R2 values plotted. The labels 
indicate the input associated with the plotted R2 value. 

2. Array of nine plots, one for each response 
(C_we,C_ns,C:,X_we,X_ns,X,T_-we,T_ns,'r), of ordered values of R2 based on 
analysis of variance model fitting one input. Since there are 6 control parameters 
considered as inputs, there are 6 R2 values plotted. The labels indicate the input 
associated with the plotted R2 value. 

3. Array of twelve plots, one for each response 
(C-w,C-e,C-n,C-s ,X-w ,X-e,X-n,X-s,T-.w ,T-e,T-n,T-s), of ordered values of 
R2 based on analysis of variance model fitting levels associated with two inputs. 
Since there are 6 control parameters considered as inputs, there are 15 distinct 
pairs of inputs and 15 R2 values plotted. 

4. Array of nine plots, one for each response 
(C-we,C-qs,C,X-we,X-ns,X,T-we,T-ns,T), of ordered values of R2 based on 
analysis of variance model fitting levels associated with two inputs. Since there 
are 6 control parameters considered as inputs, there are 15 lstinct pairs of inputs 
and 15 R2 values plotted. 

5. Array of twelve plots, one for each response 
(C-w ,C-e,C-n,C-s ,X-w ,X-e,X-n,X-s,T-.w ,T-e,T-n,T-s), of six largest R2 
values based on analysis of variance model fitting levels associated with two 
inputs. The six Largest plotted 13' values are labeled with the associated inputs. 

6 .  Array of nine plots, one for each response 
(C-we,C-ns,C,X-we,X-ns,X,'I'-we,T-ns,T), of six largest R2 values based on 
analysis of variance model fitting levels associated with two inputs. The six 
largest plotted R2 values are labeled with the associated inputs. 
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Figure 1 
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Figure 2 
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Figure 3 
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Figure 4 
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Figure 5 

Response C-w Response C-e Response C-.n Response C-s 
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Figure 6 
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