CHAPTER 7

Environmental Simulation Modelling

There are a number of guite different types of modslk, as well as several
approaches 1o model building. It will be useful to brng out some important
distinctions and to discuss which of the techniques sre likely to be the most
appropriate in modelling the complex issues of the environment. Not all readers will
need 1o understand the technicalities, but it is desirable that they gain at least some
appreciation of the major issues of methodology, such as those discussed in Section
7.3 below, Some of the main points are illustrated by specific case studies in
Chapter 9.

7.1 THE NATURE OF SIMULATION MODELLING

Theoretical modelling of the real world is as old as science itself. With the advent
of the computer, however, the technique has been transformed. Where, previously,
models had to be soluble by analytical means, it suddenly became possible to solve
very large systems of equations of a much more general form. In some cases, the
necessary level of mathematical expertise was greatly reduced, since the process of
solution by simulating the sysizm on 2 computer required the investigator to have
only sufficient mathematics to formulate and programme the eguations, and not to
sobve them analytically.

Simulation may, in the present context, be defined as the use of the computer 1o
trace the lengthy chains of indirect repercussions in the canse-and-sffect relations
describing some complex system. znd thus to imitate the dynamic behaviour of the
system. The ability of the computer automatically to kezp track of the interactions
between numerous variables, =ach of which can affect, and smultaneously be
affected by, the others, is a strong point of simulation-modeiling technigue.

The terms *modelling’ and “simulation” are often used interchangeably, although
a recent trend is to reserve the first for the process of developing a model and the
second for its manipulation and use. In the present report, we have used the two
terms in combination to cover all phases of model development and application, as
well as to distinguish this type of modelling from purely mathematical modelling.

Until about 1960, the biggest influence in the development of this newer style of
simulation modelling came from the analogue computer, so called because its
operation is directly analogous to that of the real system. In more recent times the
digital computer has become fast enough to be used for numerical solutions in a
way that is conceptually a close parallel to the analogus mode. Hybrid computers,
which aim at combining some of the best features of the analogue and digital types,
have also been developed, but it would not be appropriat2 to go into the details
hers. In any case, the disitsl computer has, because of its many other uses, become
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so readily available thac it is likely to be the type most used for environmental
studies in the foreseeable future.

Not only has the computer provided an enormous stimulus to modelling but the
reverse is also true: the desire to model ever more complex systems has been a
major incentive in the development of ever more powerful computers, as well as of
more powerful and flexible techniques for computer programming and numerical
amalysis. This mutual reinforcement of computing facilities and modelling tech-
miques is fikely to continue in the future,

Besides the comtinuous simulation techniques discused so far, two other
techniques of fundamental importance in Smulstion modelling have been made
possible by the modern digital computer — discrers-evenr simulation and srochastic
sarmlstion.

For situations where the system being studied contains numbers of separate
items, each having its own characteristics and period of existence within the system,
the technique of discrete-event simulation is often appropriate, In this, changes in
the state of the system are conceptualized as taking place in discrete jumps
corresponding to the arrivals, departures, or other critical changes in status of the
individual items. This approach could, for instance, appropristely be used in
modelling demographic processes in @ small populstion where each birth and death
was to be noted separately. This contrasts with the first type of simulation
technique where the changes are thoughe of as taking place in a continuous manner
{(although in 2 digital computer they may be programmed in terms of discrete
equations).

Where the number of separate items is sufficiently large, and only their average
or group behaviour is of Interest, & continuous simulation model may still be
appropriate. But where it is essential to follow the fortunes of each item and
preserve its individuality the discrete-event form is usually necessary. So far,
continuous simulation models have been the choice in the majority of environ-
mental applications, but more use of discrete-event simulation can be expected in
the future.

Discrete-event simulation owes much less to any pror developments in
mathematical modelling than does continuous simulation, and is very largely an
outgrowth of developments in computer programming, with some ideas also coming
from critical-path network techniques such as the Program Ewvaluation Review
Technique (PERT) (Shore, 1973). Particular programming techniques that are
exploited in discrete-event simulation include list processing, which allows easy
handling of lists that must be frequently amended, and dynamic storage allocation,
which facilitates the storage of data in cases where it is not possible to predict in
advance how much computer storage will be taken up by each category of data, and
the space needed may change during the course of the simulation.

Where the response of the system lo chinged mputs is subject 1o random
fluctuation {moise), or where two wariables are only moderately cormrelated (the
exact relationship being unknown), various tvpes of Monte Carlo or stochasuc
simnlation are possible. These utilize the sbility of the computer 1o generate
pseudo-andom numbers. In other words, it is possible for the computer to camry
out the equivalent of tossing a coin or drawing numbers from a hat.

The three major types of simulation that have been described, continuous,
discrete, and stochastic, can of course be used in combination; an example would
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Figure 7.1 Relationships between the major simulation techniques

be the modelling of atmospheric pollution a3 a continuous process, but depending
on the sudden commencement or cessation of discrete sources, and subject to the
stochastic nature of atmospheric turbulence. Figure 7.1 {llustrates the relationships
between these types of simulation approach and shows the three distinet lines of
development that have led to them. Continuous simulation evolved from analytical
and analogue methods 1o the point where systems of considerable complexity are
modelled digitally. Elaborate graphical and pictorial displays of the dynamic
behaviour of such systems are now possible. The discrete-event methodology may
be considered as combining ideas from directed graph (or network) theorv and the
mathematical study of Markov processes. As shown in Figure 7.1, discrete-event
simulation originated independently of the other two methodologies and their
underlying mathematics, and derives historically from attempits to imitate directly
various real-life processes.

A number of specialized computer languages (shown in Figure 7.1) have been
developed to facilitate the programming of continuous or discrete-event models.
Although these are not essential (many models are siill programmed using
general-purpose languages such as FORTRAN), they make it possible o develop
programmes easy for others to follow. This latter point is quite important; the
difficulties In unravelling someone else’s computer programme are such that
modellers sometimes find it easier to start again from scratch. Unfortunately, no
one simulation language is yet generally used and accepted. The widespread
acceptance and availability of a suitable simulation language would assist modellers
everywhere in exchanging ideas and building on each other’s work.

The general principles of model design do not result in unique model structures
and, needless to say, do not eliminate the need for the types of substantive
knowledge that are provided by individual disciplines. Morzover, each of the three
types of simulation model implies a different view of the world and how it is
structured., Accordingly, each employs somewhat different principles of model
design and requires differant types of data.
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It is possible therefore that equally valid models may differ substantially in
structure, data, and simulation technique, not to mention differences in program-
ming language, and yet produce similar representation of the behaviour patterns of
the system under study, This makes the task of evaluating simulation modals
relatively difficult, particularly since valid modsls mayv well display patterns of
behaviour which differ from any that have been historically observed. This is natural
if one keeps in mind that the purpose of simulation experiment is not only
forecasting, but the display of possible behaviour modes under different conditions
— including conditions that differ from the historical ones. As an example, it is
possible to simulate world climate on the assumption that Australia is covered with
forest, or that the earth rotates in the opposite direction.

One further distinction regarding types of model needs to be made. The term
‘model’ is often applied rather loosely to mathematical procedures which are
intended not only to reflect the real world, but also to identify the best way of
attaining some specified goal — optimization studies using methods such as linear
programming. In these, however, much of what is called the model is really a
specification of the process of optimization — in particular the constrainis under
which it is to be performed — the model proper often being of rather a simple form.
The optimizing models certainly have their uses burt should not be confused with
simulation models.

Of course, simulation models can be used in optimization studies, However, with
many environmental issues the most urgent reguirement will be to obtain a model
that provides good insight into the general working of, and interactions between,
the different parts of the environmental system. By the time such a model has been
developed and such insight gained, the main actions that need to be taken will often
have become obvious, so that formal optimization studies will be either unnecessary
or concermned merely with minor improvements in some basic strategy. It is for
these reasons that the main emphasis of the present report is placed on simulation
rather than optimizing models.

Some types of computer equipment and organization lend themselves par-
ticularly well to interactions between computer and user. For instance, it may be
possible to arrange model input and output so that a user can sit at a computer
terminal, insert instructions (perhaps as a response to enquiries generated by the
computer programme &nd displayed on a screen). and see the results produced by
the model in a graphical form — for instance, asa time plot of critical variables. He
could then insert alternative instructions and compare the results. This type of
mar-machine interaction at the output end of the model can make its use far more
effective and greatly encourage i1s application in the development of strategies for
environmental management,

At the input end, too, interactive facilities can be useful if, for instance. a model
needs to make use of a varely of data. These datz can then be inserted at the time
the model programme is executed; or, altemnatively, they can be extracted from an
existing data bank if the interactive programmes have been organized to permit this.

If simulation systems operating interactively are to provide a basis for making
sensible management and planning decisions, their structure should also define the
interdisciplinary research programmes which provide their data base, This suggests
that studies both of the external environment and of processes taking place within
society might constitute a single complex, intemally linked through & common
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information base, a common language, and a common set of principles governing its
utilization. Such a degree of integration, however, lies well in the future.

For the future, too, some modellers envisage the development of librares of
generalized models available on an interactive basis within a computer network,
Models of decomposition and of primary and secondary production, for instance,
could be integrated with models of other biological and physical processes to
produce a complete description of how the sun’s energy drives the entire
environmental svstem as we know it; these environmental models could be linked
with models of human economic and social activities, to enable one to study both
the stresses and perturbations of the environment dus to man, and the effects of
environmental change on human getivity, Until recently, economic models have
emphasized the internal dynamics of organized economic svstems by studving
market processes and money flow rather than interactions with nature and the
factors that govern the real flows in the system. There have recently been attempts
at using simulation in order 1o consider the economy in this wider sense, and it may
be that such attempts will improve economic modelling in the future,

The approach to environmental simulation modelling outlined in the previous
paragraphs should not be considerad as generally applicable ~ or even as represent-
ing consensus. All would probably agree with the need to integrate models of the
environment with socio-economic models of human affairs affecting it and affected
by it. But opinions differ on the value for specific problems of environmental
models which are highly general. In such problems, the ohjectives of the study will
tend to indicate the specific nature of the model which seems most appropriate
under the circumstances: indeed it could be argued that one of the principal tasks
of the systems analyst is to choose a model which best suits the nature of the
problem at hand. Certainly, the history of simulation modelling so far suggests that
the search for universally applicable models may be a vain one which, if
pursued, can lead to inefficiency and increase the probability of failure.

7.2 CLASSIFICATION OF ENVIRONMENTAL SIMULATION MODELS

Apart from the possible varieties of approach in the technical construction of
models mentioned in the previous section, models may also vary greatly in subjzct
maller, in scale, in the purpose for which they are to be used, and in many other
ways. There is thus a need for some form of classification in order to improve
communication among modellers, between the modeller and the rest of the
scientific community, and between the modeller and the decision-maker,

The requirements for a classification of environmental simulation models vary
from one situation to another, Appendix 2 gives a detsiled list of attributes that
specify an environmental simulation model in different respects. From these
attributes a subset can be defined in most cases to meet the classification needs of a
special situation.

7.3 APPROACHES TO MODEL BUILDING: THE PROBLEM OF COMPLEXITY

Having decided on the type of model which appears best to suit the nature of
the study objectives, it is necessary to consider how an appropriate model strucrure
may be defined or identiffed. and then how the coefticients or parameters that
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characterize the model within this structure may be estimgred. Finally, the
modeller must attempt to validate his model — that is, in some way to test the
reliability of the model as a guide to the behaviour of the real system. The word
‘validation’ has been used to designate a variety of procedures (see below, Section
8.1.5), but in the strict sense it implies the statistical comparison of model output
with independent observation of the actual system, leading in principle to the
definition of confidence limits.

However validation is attempted, the modeller is never completely sure that his
model is correct and should indicate to the decision-maker the inherent uncertainty
of any information derived from the model. In addition, it must be remembered
that the model has only been validated for a limited range of data. Thus, if the
model is to be used for forecasting the future, it may prove inadequate if, for some
reason, the real system changes its characteristics in the future and behaves in a
radically different manner. The system is then said to be non-stationary. For
example, if a model for water pollution in a river is validated prior to major urban
and industrial development, it may not provide a good indicator of pollution
behaviour zfter this development has taken place. Similarly, if an environmental
model is validated under certain climatic conditions, it may not be fully
representative if these conditions should change.

It is indeed possible to build good models of such non-stationary systems, which
will cover changing conditions satisfactorily; but the fact that a model has been
validated previously is no guarantee in itself that it will still be valid if conditions
change. Validation should therefore be regarded as a continuing need for a model in
constant use, and the model should be updated whenever any built-in assumptions
cease to apply.

Model identification, estimation, and validation, while essential steps in model
building, can prove difficult to accomplish in practice. Environmental systems tend
to be badly defined, in the sense that the mechanisms which govern the changes in
the variables defining the system, and their relationships to one another, are often
not well understood, Theoretical analysis of the system coupled with observations
of its behaviour can help to define the inherent mechanisms better. However,
ambiguity often still remains: a situation may occur in which a number of possible
explanations remain feasible, but little, if any, evidence exists as to which of these
explanations is the most plausible.

If it is possible to perform planned experiments on the system, then this
ambiguity can often be removed by attempting to excite that mode of sysiem
behaviour which will best help to define the mechanisms involved; and since in such
cases the experiment is planned, it may well be possible 1o obtain observations of
the behaviour of the system that are relatively free of uncertainty, When dealing
with larger environmental systems, however, the possibility of performing such
planned experiments is usually remote, and data obtained during the normal
operation of the system, even if available, are likelv to be scarce. In the case of
urban air pollution models, for example, investigators have exploited the
occurrence of industrial strikes (and consequent reduction of point-source
emissions) to help estimate 2nd validate their models. In one particular instance, the
operators of a power station in Chicago were even permitted to increase their
emissions briefly for the purpose of model validation. But such opportunities are
rare,
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Perhaps the most popular approach to modelling in these circumstances consists
of analysing the system in 2 fairly detailed manner, so that the resulting equations
are characterized by parameters with some physical (or biological or social)
significance to the model builder, as in the Hydrocomp Simulation Programme
(Linsley, 1976) or in many ecological models (e.g. Goodall, 1975; Miller et al.,
1975). These physical parameters (such as diffusion rate. sedimentation, and soil
infiltration coefficients) are evaluazad, possibly by experiment in a hboratory, and
then inserted into the model at their appropriate positions. Realiring some of the
difficulties involved in such 3 procadure, the modeller usually cafibrares his model
by comparing its output with whatever observed data zre zvailable. and “tunes’ his
parameter within physically meaningful bounds until some reasonable fit to the
data is obtained. This tuning of the model parameters, which mav be accomplished
either manually or by systemaiic optimization, can be quite 2 difficult task, since
models of this type are usually characterized by a largz number of unknown
parameters, The number of parameters that can be tuned will, of course, be limited
by the number of data points evailable. Each model parameter which is estimared
from a set of dota reduces the value of those data for validation purposes.
Technically speaking, the size of the data set determines the total number of
degrees of freedom, some of which are needed for parameter estimation; the larger
the number of degrees of freedom left for testing model output, the more
satisfactorily can the model be validated.

One method of alleviating these difficulties in an gd hoe way is for the model
builder to use his physical intuition to adjust some of the parameters, with the
remainder fixed at their assomed values. An alternative and more systematic
approach is to test the sensitivity of the system to changes in the assumed values of
parameters (sensitivity analysis). and then to reduce the effective number of
unknown parameters by only considering as unknown those parameters which most
affect the model response and thus need to be known with sreatest accuracy.
Another important way of reducing the number of pasmeters to be estimated
simulianeously — that of decomposing the large model into 2 number of smaller
paris for validation — will be discussed when considering aliemnatives to the
large-mode] approach.

This detailed, mechanisticallv-based approach generally leads to a complex
mode] which has a rich repericire of behaviour, and we might refer to it as a
‘comprehensive’ model. Such 3 mode] has several advaniages:

(a) It enables good use to be made of any prior information about the internal
structure and mechanisms of the system being modelled. In some cases this
prior knowledge could be extensive and include some of the *hardest’ data
avallable about the system.

(b) It makes it easy for the various specialists to Incorporate their knowledge of .
the behaviour of the particular components with which they are familiar.
Where their knowledge is based on personal observations, collected over a
long period under 2 wide variety of circumstances, this facility could be
most valuable.

{c) It provides a convenient vehicle of communication between the experts, and
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a means of summarizing all of their relevant knowledge in a systematic
form, Because of this feature, it may be that, even where the ‘compre-
hensive’ model must be rejected as the final decision-making tool, it is
neverthaless worth formulating for use as @ starting point in developing the
various simpler and specialized models that are actually to be used.

These considerable advantages of the ‘comprehensive’ model are, unfortunately,
matched by disadvantages:

(2) It may be difficult, if not impossible to obtamn the large amount of data,
covering a wide range of circumstances, which are needed to validate such a
detailed model.

(b} Even where this might be possible, the effort required could be so high as to
be out of proportion to the likely benefit from the final model,

(c) Where the model is only partially validated, it may not be possible 1o
provide good statistical information on the uncertainty associated with all
of the parameter estimates. This fact. coupled with the large number of
parameters of the ‘comprehensive’ model, leaves it open to the charge thart it
could contain hidden and unvalidated modes of behaviour that may not be
characteristic of the real system,

An alternative technigue which tends to the opposite extreme of simplicty might
be termed the ‘dominant-modes’ approach. Here, an attempt is made to model only
those primary or dominant modes of behaviour that characterize the observed
response of the system. This approach, which is at present much less popular than
‘comprehensive’ modelling (perhaps because the necessarv techniques are less well
known), has been used mainly by model builders with a background in control
theory and systems engineering. Problems of automatic control can often be greatly
simplified by recognizing that perturbation of the system sbout some static or
slowly changing equilibrium state leads to a response whose main characteristics can
be described in rather simple terms; control of these main characteristics (dominant
niodes — Shamash | 1975] ) of the response is the main task of the control-system
designer. Since management and planning are forms of feedback control. it {5 clear
that such observations are relevant to models that are 1o be used for decision-
making.

The usual approach to the construction of ‘dominant-mode’ models entails
reducing the initial model based on the mechanisms of the system to its simplest
vizhle form and then, by an iterative process of parameter estimation and model
evaluation, successively building additional features into the model until it is
satisfactory in some statistical sense {Young. 1977). Because the models identified
in this manner normally have rather few parameters, it is feasible to employ
relatively sophisticated statistical metheds of parameter identification and esti-
mation. These mathods vield information not only on the statistical nature of the
pirameter estimates, but also on the stochastic disturbances that inherently
characterize any badly defined systems, such as those met in the environmental
context, Additional information of this tvpe can be particularly useful, for
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example, in providing confidence bounds on model predictions; it also allows for
the possibilities of performing stochastic simulations (Monte-Carlo analysis) and
considering, in 3 rigorous manner, the problems of decision-making in the presence
of the uncertainly which arses when random fluctuations ("noise”) are super-
imposed on the effects of interest.

In addition to requiring 2 reasonable data base, the major disadvantage of the
‘dominant-modes’ approach 1o model building is that the modeller gains little
insight into possible hidden modes of behaviour that might become important in the
furure. For this reason, this kind of model has its principal application in the
‘adaptive’ or ‘incrementsl’ approach to dechion-making which is discussed
elsewhere in this report (pages 13 er seg.).

The ‘comprehensive’ and “dominant-modes’ approaches 1o modelling are clearly
not mutually exclusive; indeed. while there are few exisiing examples, it may be
anticipated that they will eventually be used to complement each other, with the
advantages of one compensating for the disadvantages of the other. Furthermore,
they are not the only approaches to environmental simulation; there are various
other techniques that tend to incorporate, to a greater or lesser degree, aspects of
both.

In the case of very large systems, it i3 often convenient to decompose the overall
medel into sub-models, each representing a different part of the system. In this
way, the model builder reduces the complexity of his problem, and the smaller
sub-systems can each be modelled using either the ‘comprehensive’ or the
‘dominant-modes’ approach. Decomposition of the large modzl into smaller parts is
an important way of reducing the number of parameters to be estimated
simultaneously. It can also make it easier to find the reasons for any discrepancies
that show up during vslidstion. This depends, however. on the availability of
detailed data on the many intemal variables that are inpuis and outputs of the
decomposed parts. If the validation of the sub-mode] is performed on data from an
Bsolated sub-system (collect=d. for instance, in the laboratory), it does not cover
possible unforeseen interactions berween sub-systems. If dats from the whole
sysiem are used, this objection does not apply: but it is important that the
sub-system inputs cover an adequate range, which may be difficult to achieve when
important feedbacks occur elsewhere in the system.





