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PREFACE 

Nowadays it i s  a  q u i t e  common f e a t u r e  i n  ecology t o  use  

models t o  ana lyze ,  c o r r e c t  and reduce e c o l o g i c a l  d a t a ,  t o  s tudy  

d e t a i l e d  e c o l o g i c a l  p rocesses ,  t o  i n t e g r a t e  e c o l o g i c a l ,  i .e .  

m u l t i d i s c i p l i n a r y ,  resea rch  and t o  a s s i s t  managers i n  t h e i r  dec i -  

s i o n  making p rocess .  Although t h e  f i r s t  t h r e e  o b j e c t i v e s  per-  

haps a r e ,  o r  a t  l e a s t  promise t o  be,  very f r u i t f u l ,  i n  t h i s  

paper w e  w i l l  focus  on t h e  l a s t  one,  namely on water  q u a l i t y  

models meant t o  s imu la te  t h e  f u t u r e  behaviour o f  a  r i v e r  o r  l a k e  

system. Our c o n t r i b u t i o n  w i l l  not  be ano ther  s imple  o r  comprehen- 

s i v e  model. A t t e n t i o n  w i l l  be pa id  t o  t h e  i s s u e  maybe b e s t  

descr ibed  a s  s e n s i t i v i t y  a n a l y s i s .  That  i s  t o  say t h e  a n a l y s i s  

of t h e  propagat ion of u n c e r t a i n t i e s  i n  t h e  f i e l d  d a t a  ( p a r t l y  

because of n a t u r a l  v a r i a b i l i t y ) ,  i n  t h e  f o r c i n g  func t i ons  and 

i n  t h e  model equat ions  w i th  t h e i r  parameters.  These u n c e r t a i n t i e s  

r e s u l t  i n  an e r r o r  i n  t h e  model p r e d i c t i o n .  



A s  a matter of f a c t ,  many modelers pay l i t t l e  a t t e n t i o n  t o  

e r r o r  a n a l y s i s ,  i n  s p i t e  o f  many recen t  p u b l i c a t i o n s  on t h i s  

t op i c .  A decent  c a l i b r a t i o n  procedure is  o f t e n  skipped f o r  t h e  

sake of  convenience o r  f o r  so-ca l led  p r a c t i c a l  reasons.  A s  a 

r e s u l t  any meaningful s e n s i t i v i t y  a n a l y s i s  i s  imposs ib le  and t h e  

conf idence t h a t  can be p laced i n  t h e i r  model ou tpu t  is  unknown. 

One o b j e c t i v e  o f  t h i s  paper  i s  t o  i l l u s t r a t e  t h e  p r a c t i c a l  pos- 

s i b i l i t y  and p r a c t i c a l  n e c e s s i t y  o f  s e n s i t i v i t y  a n a l y s i s  i n  water  

q u a l i t y  model l ing. Sooner o r  l a t e r  it must s t r i k e  t h e  model 

use r  t h a t  models which p r e d i c t  on ly  one t r a j e c t o r y ,  always p r e d i c t  

t h e  wrong one even wi thout  prov id ing any in fo rmat ion  about t h e  

degree o f  wrongness. 

This r e p o r t  has  been w r i t t e n  and a l l  t h e  work involved has 

been done dur ing  a p a r t  o f  a t h r e e  month summer v i s i t  o f  t h e  w r i t e r  

t o  IIASA. H e  w a s  a p a r t i c i p a n t  i n  t h e  young s c i e n t i s t s  summer 

program 1982.  He owes s p e c i a l  thanks t o  Kurt Fedra f o r  p u t t i n g  

him on t h e  t r a c k  and l e t t i n g  him use one o f  h i s  water  q u a l i t y  

models. Perhaps t h e  r e s u l t s  p resented  he re  w i l l  i n f l uence  t h e  

f u r t h e r  development and a p p l i c a t i o n  o f  t h i s  model. 



ABSTRACT 

Two methodologies to cope with uncertainties in water quality 

data and models are considered, namely Monte Carlo simulation and 

first order error analysis. 

To illustrate the methods, results of applications on a water 

quality model, which in fact is an 8 state variable, 14 parameter 

submodel of a comprehensive model for lake Neusiedl, are pre- 

sented. 

Monte Carlo simulation based methods are shown to be useful 

for calculating valuable model predictions based on an adequate 

calibration. 
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1 .  INTRODUCTION 

I n  t h i s  paper w e  d e a l  w i th  some a s p e c t s  of water  q u a l i t y  

models, meant t o  be used a s  a t o o l  f o r  management purposes.  

Usual ly  t h e s e  models a r e  t i m e  dependent, non l i n e a r  and c o n s i s t  

of d i f f e r e n t i a l  equat ions  based on mass conserva t ion  and para- 

meter ized processes .  I n  s p i t e  of u n c e r t a i n t i e s  i n  i n i t i a l  condi- 

t i o n s ,  f o r c i n g  func t i ons ,  parameters and model equa t ions ,  they a r e  

o f t e n  app l i ed  i n  o r d e r  t o  prov ide a unique t r a j e c t o r y ,  being t h e  

f u t u r e  behaviour of t h e  water  q u a l i t y .  Although t h i s  seems t o  

be  a s ta tement  a  manager can handle,  t h e  r e a l  conf idence t h a t  

can be p laced i n  t h e  ou tpu t  i s  unknown. Consider ing t h e  pos- 

s i b l e  impact of management dec i s ions ,  bo th  f i n a n c i a l l y  and 

e c o l o g i c a l l y ,  a s  w e l l  a s  t h e  c o s t s  of model development and 

a p p l i c a t i o n ,  s u r p r i s i n g l y  l i t t l e  e f f o r t  is  usua l l y  made t o  

determine t h e  va lue o f  t h e  model ou tpu t .  The argument t h a t  t h e  

problem i s  solved when models a r e  on ly  used t o  s imu la te  d i f f e r e n t  

scenar ios  i n  o r d e r  t o  compare t h e i r  r e l a t i v e  r e s u l t s ,  is  not  

sound. One should no t  compare two p r o b a b i l i t y  d e n s i t y  



f unc t i ons  by means of two r e a l i z a t i o n s .  So one of t h e  main 

p r o p e r t i e s  of w a t e r  q u a l i t y  models should be t h e i r  a b i l i t y  t o  d e a l  

w i th  t h e  propagat ion of u n c e r t a i n t i e s .  I n  f a c t  it would no t  be 

s u r p r i s i n g  i f  i n  t h e  long term conf idence i n  models w e r e  t o  be 

a f f e c t e d  by l a c k  of a decent  s e n s i t i v i t y  a n a l y s i s .  

Present ing  a model ou tpu t  a s  a p r o b a b i l i t y  d e n s i t y  f unc t i on  

(e.g. Fedra et .  a l . ,  1981) o r  t oge the r  w i th  i t s  va r iance  (e.g.  

D i  Toro and van S t r a t e n ,  1979) w i l l  r e v e a l  i t s  u n c e r t a i n t y ,  Thus 

a  model r e s u l t  i s  n o t  a  number wi thout  va lue .  On t h e  o t h e r  hand, 

t h e  s t o c h a s t i c  model ou tpu t  might appear t o  be t o o  unce r ta in  t o  

be va luab le  f o r  management purposes,  I n  t h a t  case ,  t h e  modeler 

should be a b l e  t o  i n d i c a t e  t h e  b e s t  way t o  reduce t h e  unce r ta in t y ,  

when p o s s i b l e ,  by revea l i ng  t h e  major sources  of e r r o r .  I n  f a c t ,  

it always w i l l  be d e s i r a b l e  t o  have t h e  u n c e r t a i n t y  as smal l  a s  

poss ib le .  Thus, t h e  model a l s o  becomes u s e f u l  a s  a  t o o l  f o r  

sugges t ing  resea rch  needs. 

A s  a l ready  s t a t e d ,  t h e  u n c e r t a i n t i e s  i n  t h e  model pred ic-  

t i o n s  o r i g i n a t e  from e r r o r s  i n  i n i t i a l  cond i t i ons ,  i n p u t s ,  para- 

meters and model equat ions .  I t  i s  o f t e n  p o s s i b l e  t o  quan t i f y  

t h e  e r r o r s  i n  t h e  f i r s t  two. The l a s t  two a r e  determined i n  

t h e  process of c a l i b r a t i o n  and model t e s t i n g .  Hence, Chapter 1 

w i l l  d e a l  w i th  c a l i b r a t i o n .  Chapter 2 w i l l  cont inue  w i th  t h e  

propagat ion of  e r r o r s .  F i n a l l y ,  some a t t e n t i o n  i s  pa id  t o  t h e  

d e t e c t i o n  of t h e  most troublesome p a r a m e t e r ( s ) .  Every chapter  

w i l l  be i l l u s t r a t e d  by e x e r c i s e s  on t h e  l a k e  Neusiedl model of 

Kurt Fedra. Th is  model i s  exp la ined i n  t h e  Appendix. A f u l l  

d e s c r i p t i o n  w i l l  be g iven i n  Fedra ( a ) .  



2. CALIBRATION AND MODEL TESTING 

2.1 Uncer ta in  Parameters 

C a l i b r a t i o n  b a s i c a l l y  r e q u i r e s  knowledge abou t  t h e  sys tem's  

behaviour i n  a former pe r i od  o f  t i m e .  S ince  f i e l d  d a t a  always 

r e f l e c t  measurement e r r o r s  and t h e  s t o c h a s t i c  v a r i a b i l i t y  o f  

t h e  system i t s e l f ,  it would be unwise t o  t r y  f o r  a p e r f e c t  

f i t  on t h e s e  d a t a  a s  a r e s u l t  of  c a l i b r a t i o n  and model t e s t i n g .  

Never the less ,  i n  o r d e r  t o  test  t h e  model, c r i t e r i a  are r e q u i r e d  

t o  dec ide  whether t h e  model o u t p u t  is  i n  accordance w i th  t h e  f i e l d  

d a t a  o r  no t .  Usable c r i t e r i a  a r e  proposed i n  Fedra e t  a l .  (1981) .  

From t h e  f i e l d  d a t a , c o n s t r a i n t s  are deduced, d e f i n i n g  t h e  

so -ca l l ed  behaviour space.  Model equa t i ons  and parameters  have 

t o  b e  found i n  such a way t h a t  t h e  model r e s u l t s  l i e  w i t h i n  t h e  

behav iour  space.  Given t h e  u n c e r t a i n t y  i n  t h e  d a t a  on ly  a n  u n c e r t a i n  

d e s c r i p t i o n  of t h e  system is  p o s s i b l e .  Most l i k e l y  more t h a n  

one model i s  capab le  o f  s a t i s f y i n g  the behav iour  cond i t i ons .  So, 

accep t i ng  on l y  one model s t r u c t u r e  - it seems j u s t i f i a b l e  t o  

choose t h e  s i m p l e s t  one,  which i s  a b l e  t o  p rov ide  t h e  requ i red  

l e v e l  o f  d e t a i l  i n  t h e  o u t p u t ,  t ak ing  i n t o  account  t h e  i n p u t s  of 

i n t e r e s t ;  see, e.g.  Fedra (1982) - it is  obv ious ly  i n s u f f i c i e n t  

t o  c o n s i d e r  one unique parameter  v e c t o r .  

2.2 Monte Ca r lo  Method 

I n  Fedra e t  a l .  (1981) a g e n e r a l l y  a p p l i c a b l e  method i s  

desc r i bed  t o  per form t h e  c a l i b r a t i o n  procedure.  The method i s  p a r t l y  

based on t h e  work o f  Spear and Hornberger (1980) .  F i r s t  ranges o f  

model parameters  a r e  s p e c i f i e d  f o r  t h e  p a r t i c u l a r  model s t r u c t u r e  

based on e m p i r i c a l  ev idence and p rev ious l y  quoted va lues .  Then t h e s e  



ranges are randomly sampled by a Monte Carlo technique. The sample 

parameter vectors giving rise to a model response, which is found 

to satisfy the behaviour constraints (see 2.1), are considered 

to be acceptable. Their relatons and interdependencies can be 

analyzed and the vectors can be used for computations under 

changed conditions. In fact, the acceptable parameter vectors 

define a multidimensional probability density function. Of 

course it is possible to extend the method by including, apart 

from the parameters, the forcing functions and initial conditions. 

2.3 Minimizing a Loss Function 

A more common way to calibrate is to accept the parameter 

vector, which minimizes some loss function, describing the discre- 

pancy between behaviour and model output. Some of these methods 

allow the estimation of the covariance structure of the parameters. 

Di Toro and van Straten (1979) showed it to be of the utmost 

importance to have this information in order to perform an ade- 

quate sensitivity analysis. Their method, using a weighted 

squared error loss function, provides a parameter vector and its 

covariance matrix. In contrast with the Monte Carlo based method, 

with this method it is necessary to assume a certain error struc- 

ture (Gaussian, independences, etc.), as well as the applicability 

of the asymptotic properties of maximum likelihood estLmators and 

the cavariances for the number of observations available. Apart 

from that, the presentation of only one parameter vector might lead 

to misinterpretations. Finally, note that after the estimation 

of the parameter vector the model test still has to be performed 

as well as a check on the credibility of the vector. 



2.4 Other Methods 

The most common way to calibrate a model is by "tuning". 

Apart from benefits during model development, this method does 

not provide enough information to support a sensitivity analysis. 

It has additional disadvantages in being irreproducable, based 

on the subjective perception of the analyst and probably 

expensive both in computer time and in man hours. 

In recent years the Kalman Filter algorithm has been used 

for calibration purposes. See e.g. Beck (1979) and Scavia (1980). 

This method is beyond the scope of this study. Also the proper- 

ties of probabilistic model structures, involving direct a priori 

use of probability density functions are not considered. 

2.5 Calibrating the Illustrative Model 

To illustrate the theory, some exercises were performed, 

using the lake Neusiedl model of Kurt Fedra (Fedra (a) . A sub- 

model of his model, called the lake submodel, serves throughout 

this study as an example of a water quality model on 'which the 

theory is applied. So, e.g. in this section the calibration 

of the lake submodel is described. (Further explanation about 

the Neusiedl model and the lake submodel is given in the Appendix. 

Note that the lake submodel is only a small part of the Neusiedl 

model. Note further that empirical data up to and including 1979 

have been incorporated in the Neusiedl model). The rest of this 

model has only been used in this study to generate input sets - 
climatic records (temperature, radiation, eddy diffusion coeffi- 

cient, flow) and records of loads (soluble and particulate phos- 

phorus loads) - and initial conditions for the submodel. For one 

year different input sets may be generated, due to the 



s t o c h a s t i c  p e r t u r b a t i o n s  i n  t h e  Neusiedl model, which rep resen t  

u n c e r t a i n t i e s  and n a t u r a l  f l u c t u a t i o n s .  I n  t h i s  paper we w i l l  

concen t ra te  on t h e  yea rs  1976 and 1980. The Neusiedl  model has 

been f e d  w i th  d a t a  up t o  and inc lud ing  1979. Therefore,  t h e  

pe r tu rba t i ons  a r e  l a r g e r  a f t e r  1979, and t h e  var iance  

between t h e  i n p u t  sets of 1976 i s  less than  )between those  of 1980. 

I n  o rder  t o  c a l i b r a t e  t h e  submodel w i th  i t s  1 4  parameters 

(see Appendix and Table 1 )  wi th  1976 d a t a ,  accord ing t o  t h e  method 

us ing  Monte Car lo  s imu la t ions ,  f i r s t  1 0  i n p u t  sets were generated 

by t h e  Neusiedl model. These s e t s  r e f l e c t  emp i r i ca l  observa t ions ,  

w i t h i n  t h e  way t h e  Neusiedl model ope ra tes .  One of t h e s e  1 0  sets 

was assumed t o  be  measured wi thout  e r r o r s .  The cho ice  was done i n  

such a way a s  t o  avoid t h e  s e l e c t i o n  of an excep t i ona l  set. Also 

t h e  i n i t i a l  cond i t i ons ,  generated by t h e  Neusiedl model w e r e  

assumed t o  be  w i thou t  e r r o r .  I n  o t h e r  words, 1976 i s  cons idered 

t o  be a year  i n  which t h e  e r r o r  i n  bo th  i n p u t  d a t a  and i n i t i a l  

cond i t i ons  is  zero  due t o  very ex tens i ve  measurements. So, i n  

t h e  c a l i b r a t i o n  procedure only parameters were sampled, i n p u t  set 

and i n i t i a l  cond i t i ons  have been f i x e d .  The parameter ranges were 

de f ined  a s  shown i n  Table 1 .  They a r e  based on " b e s t  knowledge" 

r a t h e r  than  on an ex tens i ve  l i t e r a t u r e  search  o r  exper iments.  The 

behaviour c o n s t r a i n t s  f o r  t h e  1976 r e s u l t s  w e r e  mainly based on 

t h e  i n i t i a l  cond i t i ons  generated by t h e  Neusiedl model f o r  1977. 

These c o n s t r a i n t s  apply  t o  t h e  s t a t e  v a r i a b l e s  a t  t h e  end of 1976. 

Add i t iona l  c o n s t r a i n t s  were based on t h e  very s c a r c e  f i e l d  

measurements of 1976. They apply t o  t h e  average va lues  of  some 

of  t h e  s t a t e  v a r i a b l e s  ( see  Table 2 ) .  The c o n s t r a i n t s ,  based 

on t h e  i n i t i a l  cond i t i ons  o f  1977, were more o r  less a r b i t r a r i l y  

chosen i n  such a way t h a t  a  2 percen t  chance was c r e a t e d  f o r  a  
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Table 1. The parameters  o f  t h e  l a k e  submodel, 

Symbol 

p1 

p2 

p3 

p4 

p5 

P6 

Un i t  Range 

- 1 sed imen ta t i on  r a t e  i n  reeds  (month9 0.3 - + 5 0 %  

m i n e r a l i z a t i o n  r a t e  i n  reeds  (month * O C ) - '  0.018 + - 50% 

reed  p roduc t i on  r a t e  (month * O C ) - '  0.012 - + 50% 

m g p * m  -2 reed  c a r r y i n g  c a p a c i t y  18000 + 10% - 

r eed  m o r t a l i t y  r a t e  (month) - l  0.01 + 5 0 1  - 
f r a c t i o n  o f  r eed  n u t r i e n t s  
ob ta ined  from wa te r  - 

sed imen ta t i on  r a t e  i n  l a k e  (month) -' 0.033 + 50% - 

m i n e r a l i z a t i o n  r a t e  i n  l a k e  (month * O C ) - '  0.025 - + 50% 

a l g a l  m o r t a l i t y  r a t e  (month) 0.5 - + 50% 

a l g a l  p roduc t i on  r a t e  (month * O C ) - '  0.12 - + 50% 

Michae l i s  Menten c o n s t a n t  
f o r  P m g P * m  10 + 10% 

-3 
- 

immob i l i za t ion  r a t e  o f  
o r g a n i c  P i n  sediment  (month) -' 0.0033+ - 50% 

m i n e r a l i z a t i o n  r a t e  o f  
d e t r i t u s  i n  sed iments  (month * O C ) - '  0.0025+ - 50% 

eddy d i f f u s i o n  c o e f f i c i e n t  
f o r  r e e d  sediment /water  
i n t e r f a c e  



Table 2.  The behav iour  c o n s t r a i n t s  f o r  c a l i b r a t i o n  o f  t h e  
l a k e  submodel on 1976. The 8 s t a t e  v a r i a b l e s  o f  
the l a k e  submodel a r e  de f i ned  i n  t h e  Appendix. 

A) Based on t h e  i n i t i a l  c o n d i t i o n s  o f  1977, t h e  

va lues  o f  t h e  s t a t e  v a r i a b l e s  a t  t h e e n d  of 

1976 a r e  cons t ra ined  by: 

B) I n  a d d i t i o n ,  based on f i e l d  measurements, t h e  average  

1976 va lues  a r e  c o n s t r a i n e d  by: 

sampled parameter  v e c t o r  t o  b e  accep tab le .  F a i r l y  l o o s e  c o n s t r a i n t s  

appeared t o  b e  necessary .  So, i n  f a c t  w e  a d j u s t e d  t h e  behav iour  

c o n s t r a i n t s .  Otherwise t h e  chance t h a t  a parameter  v e c t o r  would 

be accep tab le  was t o o  s m a l l  t o  c r e a t e  an i n t e r e s t i n g  example. I n  

o t h e r  words w e  a p r i o r i  accep ted  t h e  model. Normally however, 

one should  s t a r t  w i t h  d e f i n i n g  t h e  behav iour  space.  A f t e r  t h a t  

t h e  model t e s t i n g  can t a k e  p lace .  One hundred a c c e p t a b l e  para-  

meter v e c t o r s  were genera ted .  The i r  c o r r e l a t i o n  ma t r i x  i s  shown 

i n  Table 3 .  Some t y p i c a l  marg ina l  d i s t r i b u t i o n s  a r e  p resen ted  

i n  F igure  1.  



Relative 
Frequency 

0.0016 0.005 lmmobilitation Rate (month)-' 

Figure 1X. :.larginal 6 i s t r i b u t i o n  of parameter 12, immobi l izat ion 
r a t e  o f  o rgan ic  P i n  sediment. 
Mean = 0.0032 (monthly)'l 

0.06 0.18 Algae Production Rate ( m ~ n t h + ~ ~ ) - '  

Figure 1B. Marginal d i s t r i b u t i o n  of  parameter 10, a l g a e  
product ion r a t e .  
Mean = 0.1 3 (month*O~) -' 



Table 3. C o r r e l a t i o n  ma t r i x  o f  t h e  a c c e p t a b l e  parameters .  
Only s i g n i f i c a n t  c o r r e l a t i o n s  (a  < 0.05) a r e  shown. 

A program SIMUL was w r i t t e n  t o  per form s e v e r a l  k i nds  of 

s imu la t i ons  w i th  t h e  l a k e  submodel. SIMUL is a b l e  t o  read  i n p u t  

sets, i n i t i a l  c o n d i t i o n s  and parameter  v e c t o r s ,  and t o  r u n  t h e  

l a k e  submodel. SIMUL was used f o r  t h e  f i r s t  t i m e  t o  check whether 

o r  n o t  t h e  accep tab le  parameter  v e c t o r s  w e r e  g i v i n g  rise t o  h igh l y  

i n a c c e p t a b l e  v a l u e s  o f  t h e  model s t a t e  v a r i a b l e s ,  runn ing t h e  yea r  

1976 one hundred t i m e s ,  t h e  i n i t i a l  c o n d i t i o n s  o f  each  run  be ing 

t h e  f i n a l  r e s u l t s  of t h e  r u n  be fo re .  The s t a t e  v a r i a b l e s  were 

s t a b i l i z i n g  on an  a c c e p t a b l e  l e v e l .  



3 ERROR PROPAGATION 

3.1 Biased Model Output 

One important  f e a t u r e  t o  note is  t h e  b i a s  i n  t he  va lues pre- 

d i c t ed  by a de te rm in i s t i c  model. See e.g.Gardner and O tNe i l l  

(1979).  Le t t i ng  f i  (p,u) - throughout t h i s  paper - rep resen t  t h e  

dependency of model r e s u l t  i from parameter vec to r  p  and i npu t  set 

u,  t h i s  b i a s  r e s u l t s  from t h e  f a c t  t h a t  i n  genera l :  

Only when f is  a l i n e a r  func t ion  of p  and u, equa l i t y  ho lds.  
i 

This however is  not  t h e  case even i n  t h e  most s imple water  q u a l i t y  

model. To analyze t h i s  f ea tu re  f o r  t he  model under cons idera t ion ,  

t h e  model ou tpu t  f o r  1976, based on t h e  mean parameter vec to r ,  a s  

we l l  a s  t h e  mean ou tpu t ,  based on a l l  one hundred acceptab le  para- 

meter vec to rs ,  was ca l cu la ted .  The r e s u l t s  a r e  t abu la ted  i n  Table 4 .  

The ana l ys i s  was r e s t r i c t e d  t o  t h e  c a l c u l a t i o n  of t h e  maximum 

year l y  a l g a l  biomass (algmax), t h e  yea r l y  average a l g a l  biomass 

(a lgav)  and t h e  yea r l y  average d e t r i t u s  (detav)  These a r e  con- 

s ide red  t o  be r ep resen ta t i ve  f o r  t h e  water q u a l i t y .  The r esu l t ed  

b i a s ,  expressed a s  a percentage of t h e  model ou tpu t ' s  s tandard  

dev ia t i on  is: 

30% f o r  algmax 

25% f o r  a lgav  

3 %  f o r  de tav  

These r e s u l t s  a r e  i n  good agreement wi th  those of Gardner 

and O tNe i l l  (1979). Thei r  subsequent conclusion i s  t h a t  t h e  b i a s  

w i l l  no t  lead  t o  se r i ous  problems. W e  would r a t h e r  no t  a  p r i o r i  



n e g l e c t  t h e  b i a s  i n  t h e  o u t p u t  o f  a  mode!. under considera- .  

t i o n .  The more s o  a s  a  p o s s i b l e  reduc t i on  of t h e  s tanda rd  dev ia-  

t i o n ,  e .g .  a f t e r  model improvements, does n o t  n e c e s s a r i l y  imply a  

p ropo r t i ona l  r e d u c t i o n  o f  t h e  b i a s .  

3.2 Var iance o f  t h e  Model Resu l t s  

Using a l l  of t h e  one hundred parameter  v e c t o r s ,  the model 

r e s u l t s  f o r  1976  a r e  p r o b a b i l i t y  d e n s i t y  f unc t i ons .  F igu re  2 

shows t h e  f u n c t i o n s  f o r  algmax and de tav .  The v a r i a n c e  of t h e  

r e s u l t s  i s  easy  t o  c a l c u l a t e  (Tab le  4 ) .  ~ c c e p t i n g  b i a s e d  model 

r e s u l t s ,  one may c o n f i n e  onese l f  t o  on ly  one c a l c u l a t i o n ,  us ing  

Table 4. Simu la t ion  r e s u l t s  (see 3.1). 

. the mean parameter  v e c t o r .  I n  f a c t ,  a s  s t a t e d ,  t h i s  is most ly  

done, us ing  a  s i n g l e  parameter  v e c t o r ,  which i s  n o t  n e c e s s a r i l y  

t h e  mean. A s  i s  e a s i l y  v e r i f i e d ,  i n  th is  c a s e  a  f i r s t  o rde r  

a l g  max 

a l g a v  

d e t a v  

approximat ion of t h e  v a r i a n c e  can be ob ta ined  from: 

r e s u l t  o f  one s imu la t i on  
us ing  t h e  mean parameter  
v e c t o r  

48.1 

16.0 

74.8 

mean and s tanda rd  d e v i a t i o n  
of  t h e  s imu la t i on  r e s u l t s  
us ing  t h e  accep tab le  
parameter  v e c t o r s  

N is  t h e  number of parameters  invo lved.  

m 

45.5 

15.4 

75.0 

S 

8.0 

2.5 

6.9 



Relative 
Frequency 

- 
20 60 Algmax ~ n ~ ( ~ ) * m - ~  

Figure  2A. P r o b a b i l i t y  d e n s i t y  f u n c t i o n  o f  algrnax. 
Mean equa l s  45.4 mg*m-3; s tanda rd  d e v i a t i o n  
e q u a l s  8 mg*m-3 

Relative 
Frequency 

60 90 Detav mg(P)*m 
-9 

Figure  2B. P r o b a b i l i t y  d e n s i t y  f u n c t i o n  o f  de tav .  
Mean equa l s  75 mg*m'3; s tanda rd  d e v i a t i o n  
equa l s  7  mg*m-3 



Equation (2) can be r e w r i t t e n  as :  

S ince o f t e n  t h e  c r o s s  covar iances between parameters a r e  being 

neg lec ted ,  it i s  worthwhi le t o  compare t h e  model r e s u l t  var iances  

us ing : 

af  * va r  ( f i )  = E ( i l v a r  (p  j ) t  method A .  
j=1 aPj 

* equat ion (2 )  method B. 

Table 5 shows t h e  r e s u l t s ,  p resen t i ng  a l s o  as a re fe rence  t h e  

s tandard  d e v i a t i o n s  based on t h e  Monte Car lo  method. 

Table 5. Standard d e v i a t i o n s  of model o u t p u t s ,  based on 
a i f f e r e n t  methoas (see 3 .2 ) .  

S 

method A 

3-2 

12 

13 

S 

Monte Car lo  

algmax 8 

a lgav  3 

de tav  7 

S 

Method B 

9 

3 

7 



The d e v i a t i o n s  based on equat ion (2 )  and those  based on t h e  

Monte Car lo  method, appear t o  be i n  very  good agreement. A s  a l s o  

found by D i  Toro and van S t r a t e n  (1979) ,  neg lec t i ng  t h e  c r o s s  

covar iances l e a d s  t o  enormously i n f l a t e d  r e s u l t s .  

3 . 3 .  Pred ic t i ons  

When s imu la t ing  t h e  f u t u r e  behaviour of a  system, one has 

t o  cope w i th  u n c e r t a i n t i e s  i n  t h e  parameter v e c t o r ,  b u t  a l s o  i n  

t h e  i n p u t  sets o r  fo rc ing  func t ions .  I f  t h e  u n c e r t a i n t i e s  i n  t h e  

parameter vec to r  a r e  independent of t hose  i n  t h e  i n p u t  set,  t h e  

va r iance  of  t h e  model ou tpu t  w i l l  be  approximated by: 

To r e t u r n  t o  our  example f o r  t h e  l a k e  submodel, i n p u t  s e t s  f o r  
I 

I 
1980, r e f l e c t i n g  unce r ta in  i n p u t  va lues ,  a r e  a v a i l a b l e  ( s e e  2 .5 ) .  i 
Some c h a r a c t e r i s t i c s  o f  t h e  s e t s  a r e  shown i n  Table 6.  Three d i f -  

f e r e n t  Monte Car lo  s imu la t ion  series were performed r e s u l t i n g  i n  
I 

s t o c h a s t i c  model ou tpu t  f o r  1980. I n  t h e  f i r s t  s e r i e s  on ly  t h e  para- 

meter vec to rs  w e r e  sampled, ho ld ing t h e  i n p u t  s e t  f i xed .  I n  t h e  second 

series i n p u t  sets w e r e  sampled, ho ld ing t h e  parameter vec to r  f i x e d  

a t  i t s  mean. I n  t h e  t h i r d  series both t h e  parameter v e c t o r s  and t h e  

i n p u t  sets were sampled. Of course  on ly  t h e  s t o c h a s t i c  model r e s u l t s ,  

based on t h e  t h i r d  s e r i e s ,  rep resen t  t h e  p r e d i c t i o n s  f o r  1980. 

For a l l  t h r e e  s e r i e s  t h e  i n i t i a l  cond i t ions  a r e  assumed t o  be 

p e r f e c t l y  known. But it i s  u s e f u l  t o  compare t h e s e  p r e d i c t i o n s  

w i th  t h e  r e s u l t s  o f  t h e  two o t h e r  s e r i e s  i n  o rde r  t o  es t ima te  



t h e  r e l a t i v e  impact  o f  t h e  two lumped sou rces  o f  e r r o r .  The 

s tanda rd  d e v i a t i o n  o f  a model resalt, produced by t h e  t h i r d  series, 

i s  c a l l e d  t h e  t o t a l  e r r o r  o f  the r e s u l t .  F i g u r e  3 shows t h e  model 

r e s u l t s  algmax and de tav ,  based on series. 1 and 3.  As. can be 

Table  6. I npu t  s t a t i s t i c s  f o r  A p r i l .  

A) C o e f f i c i e n t s  o f  v a r i a t i o n  ( X ) .  

s / m  *I00 

temp 

r a d  

f low 

eddy 

p p r i n  

p s r i n  

p p l i n  

p s l i n  

B) C o r r e l a t i o n  mat r i x .  Only s i g n i f i c a n t  

c o r r e l a t i o n s  (a < 0.05) a r e  shown. 

+ 

7 
p p l  i n  

0.86 

5 
ppr  i n  

6 0.96 

7 0.74 

8 0.38 

. 6 
p s r i n  

0.84 

0.58 



Figure  3A. The p r o b a b i l i t y  d e n s i t y  f unc t i ons  of algmax. The 
s o l i d  l i n e  is a  Gaussian approximat ion,  r e f l e c t i n g  
u n c e r t a i n t i e s  i n  parameters  and i n p u t .  The dashed 
l i n e  i s  t n e  approximat ion w i t h  f i x e d  i n p u t  and 
u n c e r t a i n  parameters. 

F igure  3B.  The p r o b a b i l i t y  d e n s i t y  f u n c t i o n s  o f  de tav .  The 
s o l i d  l i n e  i s  a  Gaussian approximat ion,  r e f l e c t i n g  
u n c e r t a i n t i e s  i n  parameters  and i n p u t .  The dashed 
l i n e  i s  t h e  approximat ion w i th  f i x e d  i n p u t  and 
u n c e r t a i n  parameters.  



deduced from Table 7, the standard deviation of the model results 

roughly doubles when the uncertainties in the input set are taken 

into account in addition to those in the parameter set. From the 

data of the same table it can be verified that equation (4) holds 

for algmax and algav. For detav presumably nonlinearities cause 

the approximation not to be valid. 

Based o.n additional simulation series, Table 7 also shows the 

impact of the uncertainties in the climatic record. The uncer- 

tainties in temperatureand flow are not only mainly responsible 

for the additional error caused by the uncertainties in the input 

set, but also for the total error in the model results! The 

effect of the uncertainties in the record of loads is small. 

With the exception of temperature and flow, the reduction of the 

uncertainty of a single input variable does not significantly 

affect the total error in the model results. 

Table 7. Simulation results (see 3 . 3 ) .  Shown are the 
standard deviations. 

algmax 

algav 

detav 

Sampled Sampled 

fixed 
input parameters sampled 

Only 
temp and 
flow 
fixed 

climatic 
record 
fixed 



C a l c u l a t i o n s  f u r t h e r  showed t h a t  an i n c r e a s e  of 50% i n  t h e  

average l oads  w i l l  on ly  cause a change i n  t h e  means of t h e  model pre-  

d i c t i o n s  (algmax, a l g a v  o r  de tav )  o f  about  1.5 t i m e s  t h e  p r e d i c t i o n ' s  

t o t a l  e r r o r .  A 10% i n c r e a s e  i n  t h e  average l oads  w i l l  cause a change 

of  0.3*S. On t h e  o t h e r  hand, comparing two y e a r s ,  us ing  one 

and t h e  same c l i m a t i c  reco rd ,  a 50% i n c r e a s e  i n  loads  w i l l  g i v e  

r ise t o  roughly a change of  3*S. 

4. PARAMETERS AND MODEL EQUATIONS 

4.1 Reducing Parameter  Ranges 

I n  t h i s  chap te r  t h e  u n c e r t a i n t y  of t h e  parameter  v e c t o r  i s  

cons idered  t o  be t h e  on l y  sou rce  o f  e r r o r s  f o r  p r e d i c t i o n s .  I t  

i s  assumed t o  be  imposs ib le  t o  fo rmu la te  more r e s t r i c t i v e  behav- 

i o u r  c o n s t r a i n t s .  C l e a r l y  a complete reduc t i on  of t h e  a p r i o r i  

u n c e r t a i n t y  of t h e  parameter  v e c t o r  then  w i l l  l ead  t o  a unique 

t ra jec to ry . '  I t  i s  n o t  immediately c l e a r ,  however, whether a par -  

t i c u l a r  reduc t i on  o f  t h e  a p r i o r i  u n c e r t a i n t y  o f  a s u b s e t  o f  t h e  

parameters  w i l l  have any r e a l  e f f e c t .  Of ten enough t h e  e f f e c t  

of t h e  v a r i a n c e  of a parameter  p on f i  is  es t ima ted  - based on 
j 

method A of c h a p t e r  3 - by: 

T h e r e s u l t i n g i m p r e s s i v e  reduc t i ons  i n  t h e  v a r i a n c e  of f i ,  based 

on t h i s  method, a r e  f o r  t h e  l a k e  submodel example l i s t e d  i n  

Table 8. But Monte Car lo  s i m u l a t i o n s  showed t h a t  no s i g n i f i c a n t  

reduc t i on  of t h e  model o u t p u t  e r r o r  i s  ach ievab le  by dec reas ing  

t h e  v a r i a n c e  of any s i n g l e  parameter ,  the reby  c o n t r a d i c t i n g  t h e  

va lues  i n  Table 8. Although t h i s  r e s u l t  i s  due i n  p a r t  t o  t h e  



- 20 - 

Table 8 .  Reductions i n  % based on method A .  

l i m i t e d  number of  runs  p o s s i b l e ,  c l e a r l y  e.g.  a  reduc t i on  o f  t h e  

var iance  o f  parameter 10 ( a l g a l  product ion r a t e )  a lone  w i l l  be 

u s e l e s s  i n  view of  t h e  h igh  c o r r e l a t i o n  w i th  parameter 9 ( a l g a l  

m o r t a l i t y  r a t e ) .  

A b e t t e r  way of d e a l i n g  w i th  c l e a r l y  c ross -co r re la ted  

parameters i s  based on method B of Chapter 3. The va r i ance  of 

parameter reduc t i ons  

f  . can be  r e w r i t t e n  as :  
1 

* wi th  C being t h e  parameters covar iance  mat r i x .  

Because C is  a he rm i t i an  ma t r i x  t h e r e  e x i s t s  a  mat r i x  A such 

t h a t :  

d e t a v  

2 

27 

19 

5 1 

0.4 

a l g a v  

0.1  

0.3 

46 

5 3  

0.4 

7 

8 

9 

10  

1 1  

algmax 

0.1 

0 .6  

39 

60 

0.5 



* wi th  A being a d iagonal  matr ix  w i th  t h e  e igen  

va lues of  C. 

* wi th  A be ing  t h e  mat r i x  of  e i g ~ n  vec to rs .  

The equat ions  above show t h e  p o s s i b i l i t y  t o  remove t h e  c r o s s  

c o r r e l a t i o n s  by a t rans fo rmat ion .  The unco r re la ted  combinations 

C a .  . p  have va r iances  X 
IJ i j When a few t e r m s  of  equat ion  5 happen 

i 
t o  account f o r  a l a r g e  p a r t  o f  t h e  t o t a l  var iance  and f o r  each 

t e r m  t h e  corresponding combination r e v e a l s  on ly  a small subse t  of 

t h e  parameters t o  c o n t r i b u t e  t o  t h e  var iance  X a p p l i c a t i o n  o f  t h e  
j r  

method prov ides much i n s i g h t .  I n  o u r  example f o r  each of t h e  

model ou tpu ts  cons idered (algmax, a lgav ,  d e t a v ) ,  on ly  two terms of 

equat ion  (5 )  t u rned  o u t  t o  c o n t r i b u t e  85% of  t h e i r  t o t a l  var iance .  

Fur ther  a n a l y s i s  showed t h e  parameters 9 and 10 toge the r  t o  be 

respons ib le  f o r  more than  90% of t h e  var iances  X corresponding 
j 

t o  t h e  two t e r m s  of algmax and a lgav .  A t  t h e  same t ime it showed 

t h e  sense lessness  o f  reduc ing on ly  t h e  var iance  of  one. A s  fa r  

as de tav  i s  concerned t h e  parameters 8 and 7 c o n t r i b u t e  more than  

80% of t h e  var iances  X corresponding t o  t h e  two terms o f  de tav .  
j  

The p o s s i b l e  use of  a Monte Car lo  based method t o  show t h e  impact 

of t h e  s imul taneous reduc t i on  of var iances  of  parameters cou ld  

no t  be cons idered because of  t h e  l i m i t e d  number (100) o f  accept -  

a b l e  parameter vec to rs .  A f te r  reduc t ion  a t o o  smal l  subse t  of  

t h e  acceptab le  v e c t o r s  would remain t o  sample from. However, 

t h i s  method i s  cons idered  i n  p r i n c i p l e  t o  be most f r u i t f u l .  



4 . 2  A l t e r i n g  Model Equat ions 

The e f f e c t  o f  a l t e r a t i o n s  i n  model equa t i ons  (and consequen t l y  

model paramete rs )  on t h e  va r i ance  o f  t h e  model o u t p u t  is  poor l y  

understood.  Gardner e t  a l .  (1980) s t a t e s  t h a t  more complex models 

o f t e n  g e n e r a t e  g r e a t e r  u n c e r t a i n t y  i n  t h e  o u t p u t .  However, t h e i r  

s ta temen t  i s  based  on dubious reason ing .  A s  t h e y  themselves make 

c l e a r ,  a  smaller u n c e r t a i n t y  i n  a  model p r e d i c t i o n  v a r i a b l e  may 

r e q u i r e  a  more complex t e r m  i n  t h e  model. And i n  f a c t ,  i n  t h e i r  

c a s e ,  one o f  t h e  two model p r e d i c t i o n  v a r i a b l e s  does.  Scav ia  e t  

el .  (1981) p o i n t  o u t  a  s i m i l a r  dilemma: sometimes agg rega t i on  

o f  model s t a t e  v a r i a b l e s  w i l l  pay o f f  i n  r e d u c t i o n  o f  va r i ance  

o f  t h e  o u t p u t ,  sometimes d i sagg rega t i on  w i l l  pay o f f .  I n t u i t i v e l y  

o t h e r s  advocate  t h e  s i m p l e s t  model p o s s i b l e  (Fedra,  Somlyody 

( p e r s .  comm.)). On t h e  o t h e r  hand,  i n c o r p o r a t i o n  o f  e x t r a  know- 

l edge  o f  b i o l o g i c a l ,  chemical  and p h y s i c a l  p rocesses ,  d e r i v e d  

from l a b o r a t o r y  and f i e l d  exper iments ,  shou ld  be  f r u i t f u l  (see 

Scav ia  e t  a l . ,  1980; see a l s o  Beck, 1981, f o r  an  i n t e r e s t i n g  

d i s c u s s i o n  on t h i s  t o p i c  and r e l a t e d  t o p i c s ) .  The above d i scus -  

s i o n  sugges ts  t h e  f o l l ow ing  con jec tu re :  

Without add ing e s s e n t i a l  knowledge o f  p rocesses  any i n c r e a s e  

i n  t h e  complexi ty  o f  a  model improves t h e  p o s s i b l e  f i t  on 

f i e l d  d a t a ,  b u t  e n l a r g e s  t h e  u n c e r t a i n t y  o f  p r e d i c t i o n s .  

So t h e  c o n j e c t u r e  i n c l u d e s  t h e  warning t o  be  c a r e f u l  w i t h  

t h e  i n c o r p o r a t i o n  o f  more d e t a i l  j u s t  t o  improve t h e  f i t  

on f i e l d  d a t a .  The va lue  o f  adding new knowledge o f  proces-  

ses t o  t h e  model presumably o n l y  emerges, when i t s  incorpora -  

t i o n  l e a d s  t o  p r e d i c t i o n s  w i t h  less u n c e r t a i n t y .  The concept  



o f  e x t r a  p rocess  knowledge may be  i l l u s t r a t e d  by t h e  fo l low ing  

example, which i n  f a c t  i s  a c o n t i n u a t i o n  o f  an  example g iven 

i n  Fedra (1982, pp 11-14).  

Le t  y ( t )  = a t + b be model 1 

The o r i g i n a l  parameter  ranges a r e  g iven  by: 

0.5 < a < 2.5 O < b < 2  

The behav iour  space  i s  de f i ned  a s :  

C a l i b r a t i o n ,  based on 1000 Monte Ca r l o  runs ,  o f  

model 1 r e s u l t s  i n :  

Consequent ly:  mean ( y )  = 0 . 8 5 t  + 1.33 

v a r  ( y )  = 0.009 t2 - 0.052 t + 0.165 

Le t  y (t)  = a t  + c s i n ( t )  + 1 be model 2. 

The parameter  ranges  a r e  g i ven  by: 

( "p rocess  b"  i s  now b e t t e r  known) 

The behav iour  space  is i d e n t i c a l  t o  t h e  one o f  model 1 .  

C a l i b r a t i o n  o f  model 2 r e s u l t s  i n :  



Consequent ly : 

mean ( y )  = 0.77 t + 0.90 s i n ( t )  + 1 

2 2 v a r  (y )  = 0.055 t + 0.003 s i n  (t) - 0.0006 t s i n ( t )  

The conc lus ion  i s  c l e a r .  Model 2 g i v e s  a marg ina l l y  l a r g e r  

o r  a much smaller va r i ance  f o r  y .  For  i n s t a n c e ,  t h e  p red ic -  

t i o n  f o r  t = 12 is :  

I t  should  be s t a t e d  t h a t  t h e  r e d u c t i o n  o f  t h e  u n c e r t a i n t y  

i n  t h e  o u t p u t  may n o t  b e  worth t h e  t r o u b l e  o f  a d j u s t i n g  t h e  model. 

F o r t u n a t e l y ,  i n  case  of  e x t r a  p rocess  knowledge ( i n c l u d i n g  para-  

m e t e r  r anges )  t h e  e f f e c t s  o f  model ad jus tments  a r e  c a l c u l a b l e .  

y ( 1 2 )  

s 

5. CONCLUSIONS AND DISCUSSION 

Monte-Carlo methods p rov ide  a p o s s i b i l i t y  t o  d e a l  w i t h  t h e  

impact  o f  u n c e r t a i n t i e s  on t h e  p r e d i c t i o n s  o f  a w a t e r  q u a l i t y  

model, meant t o  be  used a s  a management t o o l .  I n  s p i t e  o f  t h e i r  

huge demand f o r  computer t i m e  t h e s e  methods a r e  cons ide red  t o  be 

o f  p r a c t i c a l  impor tance,  p a r t l y  because they  a r e  e f f i c i e n t  i n  

t e r m s  of  modelers t i m e  and because computer t i m e  is becoming 

cheaper  and cheaper .  Some b a s i c  r u l e s  f o r  more e f f i c i e n t  use o f  

Monte Ca r l o  methods are g iven  i n  Fedra (1982) . Neve r the less ,  

t o g e t h e r  w i t h  t h e  t e n t a t i v e  c h a r a c t e r  o f  t h i s  s tudy  and i t s  s h o r t  

t ime span,  t h e  computer t i m e  r e q u i r e d  was a reason  t o  keep t h e  

number o f  s i m u l a t i o n  r u n s  r a t h e r  sma l l .  P a r t i c u l a r l y  t h e  q u a l i t y  

o f  Chapter  4 would have been improved, i f  t h i s  number had been 

l a r g e r .  

model 1 

11.5 

0.92 

model 2 

9.8 

0.85 



The conclusions wi th  respec t  t o  t h e  l ake  submodel, serv ing  

a s  an example throughout t h e  paper, a r e  not  su rp r i s i ng .  The 

p red ic t i on  of next  y e a r ' s  water q u a l i t y  is t o  a c e r t a i n  ex ten t  

s i m i l a r  t o  t h e  p red i c t i on  of next  yea r ' s  weather,  s ince  e .g . ,  

temperature p lays  a dominant r o l e .  The s tandard  dev ia t ions  of  

the  ou tpu ts  from p red i c t i ve  model considered amount up t o  30% 

of t h e i r  means. So t h e  most success fu l  app l i ca t i on  w i l l  be t h e  

comparison of  t he  s t o c h a s t i c  s imu la t ion  r e s u l t s  f o r  d i f f e r e n t  

( long term) scenar ios .  Perhaps some s imp l i f i ca t i ons  i n  t h a t  

p a r t  of  t h e  l ake  Neusiedl model ca l cu l a t i ng  t h e  phosphorus loads ,  

a r e  poss ib le ,  s i n c e  only major changes i n  t h e  loads  have any 

e f f e c t s .  However, cumulat ive e f f e c t s  o f  sequen t ia l  years  wi th  

high loads  have not  been considered. Some cur ious  d isc repanc ies  

have been found between t h e  lakes  s t a t e  a t  t h e  year  end and t h e  

fo l lowing y e a r ' s  i n i t i a l  cond i t ions .  Therefore,  some of t he  

behaviour cons t ra i n t s  had t o  be f a i r l y  loose.  Apart from t h a t ,  

t h e  s imp l i c i t y  o f  t h e  l ake  submodel i s  j u s t i f i a b l e .  I t  was 

shown how b i z a r r e  it i s  from the  po in t  of view of p red ic t i ng ,  

t o  pay ex t r a  a t t e n t i o n  t o  the  a l g a l  product ion aspec t ,  g iven 

t h e  obscure mor ta l i t y  aspect .  

The impact of  t h e  q u a l i t y  o f  t he  c a l i b r a t i o n  procedure i s  

ev ident ,  To deal  w i th  e r r o r  propagat ion,  t he  use o f  a method, 

based on Monte Car lo  s imu la t ions ,  i s  c e r t a i n l y  success fu l  and 

avoids a b iased outpu t .  L inear approximation o f  t he  var iance 

of  t h e  model r e s u l t s  has t o  take t he  cross-covar iances i n t o  

account. To i d e n t i f y  t h e  weakest p a r t s  of  a model it i s  usefu l  

t o  f i n d  the  parameter subse t ,  g iv ing r i s e  t o  a l a r g e  p a r t  of  

t h e  t o t a l  var iance.  Again cross-covar iances should no t  be 



neglected and t h e  method based on Monte Car lo  s imu la t ions  g i ves  

s t ra igh t fo rward  r e s u l t s .  

Because u l t i m a t e l y  a p r e d i c t i v e  model should  be p a r t  o f  

an i n t e r a c t i v e  computer a ided  p lanning program, i .e. an i n t e r -  

a c t i v e  g raph ics  suppor ted t o o l  t o  assist manaaers i n  t h e i r  

dec i s ion  making p rocess  (see Loucks e t  a l ,  1 9 8 2 ) ,  t h e  model 

should be  a s  s imple a s  poss ib le .  Otherwise t h e  i n t e r a c t i v e  

process of  s imu la t i ng  l o g i c a l l y  sequent  scenar ios  i s  imposs ib le .  

A reason f o r  s t a r t i n g ,  a t  any r a t e ,  wi th a simple model has  been 

given i n  Chapter 4 .  More complex models c e r t a i n l y  do n o t  guaran- 

t e e  models w i th  a h ighe r  p r e d i c t i v e  value.  I t  would t h e r e f o r e  he 

recommendable t o  accep t  a more complex management model on ly  

a f t e r  i t s  h i g h e r  p r e d i c t i v e  va lue has been shown. 



APPENDIX: THE LAKE NEZTSIEDL IIODEL 

The appendix is mainly based on a d r a f t  v e r s i o n  of Fedra ( a ) .  

A. 1 The Approach 

Lake Neusiedl i s  an extremely shal low (1.5m) l ake  o f  about 

2 150 km su r face ,  embedded i n  a b e l t  o f  dense reeds ( ~ h r a ~ m i t e s ) ,  

2 
cover ing approximately 150 km . It i s  s i t u a t e d  south-east  o f  

t h e  Aus t r ian  c a p i t a l  Vienna, i n  t h e  prov ince of  Burgenland. The 

2 l a k e ' s  catchment extends over  approximately 1300 km . 
Since  t h e  e a r l y  s e v e n t i e s ,  a conspicuous d e t e r i o r a t i o n  o f  

t h e  l a k e ' s  water  q u a l i t y  has been observed, r e s u l t i n g  i n  a de- 

c reas ing  a t t r a c t i v i t y  f o r  r e c r e a t i o n .  Tourism however, i s  one 

of  t h e  most impor tant  e lements i n  t h e  economy of  t h e  reg ion.  

The s p e c i f i c  management problems of  t h e  l a k e  system a r i s e  

from t h r e e  major c o n f l i c t i n g  o b j e c t i v e s  i n  t h e  development o f  

t h e  reg ion ,  namely: 

a )  The development of tour ism ( a f f e c t i n g  landscape and 

i n c r e a s e  o f  waste and sewage p roduc t i on ) ;  



b )  i n t e n s i f i c a t i o n  of i n d u s t r i a l  and a g r i c u l t u r a l  groduc- 

t i o n  ( invo lv ing  d i r e c t  and i n d i r e c t  forms of  p o l l u t i o n ) ;  

c )  t h e  p rese rva t i on  of environmental q u a l i t y .  

For t h e  a n a l y s i s  of l a k e  Neusiedl ,  Kurt Fedra extended t h e  

" c l a s s i c a l "  approach of load-response modeling o f  l a k e s ,  which 

r e q u i r e s  t h e  load ing  t o  be s p e c i f i e d  a s  an i n p u t ,  towards a  more 

comprehensive examination of  t h e  l a k e  a s  an i n t e g r a t e d  element 

w i t h i n  i t s  phys ica l  a s  we l l  a s  i t s  socio-economic watershed. 

The p o l l u t i o n  a f f e c t i n g  t h e  l a k e  i s  t r e a t e d  e x p l i c i t l y .  Therefore,  

t h i s  approach imp l i es ,  bes ides  t h e  use of  a  c l a s s i c a l  water  q u a l i t y  

submodel f o r  t h e  l a k e  and t h e  surrounding reed  b e l t ,  a  group of  

a d d i t i o n a l  sub-programs t o  s imu la te  t h e  system. The a d d i t i o n a l  

programs genera te  and t r a n s p o r t  n u t r i e n t s  t o  t h e  l a k e  a s  a  func- 

t i o n  o f  land  use,  a g r i c u l t u r a l  and i n d u s t r i a l  a c t i v i t i e s ,  waste- 

water  t rea tment  and tour ism,  t h e  l a s t  of  which i n  t u r n  in f luenced 

by t h e  l a k e  water  q u a l i t y .  

The model i s  o p e r a t i n g  on a  monthly t i m e  s tep :  a f t e r  i n i t i a -  

l i z a t i o n  and o p t i o n a l  i n t e r a c t i v e  parameter e d i t i n g ,  t h e  program 

f o r  each month genera tes  a  c l i m a t i c  record.  The program then 

genera tes  a  record  o f  l oads ,  c a l l i n g  a  series of  subrou t ines  which 

estimates d i f f e r e n t  sources  of p o l l u t i o n ,  t a k i n g  phosphorus a s  

a  proxy f o r  p o l l u t i o n  a f f e c t i n g  water  q u a l i t y .  These two c a n . b e  

cons idered t o  be  t h e  monthly i n p u t  f o r  t h e  l a k e  subprogram, 

eva lua t i ng  t h e  l a k e ' s  water  q u a l i t y .  I t  i s  impor tant  t o  no te  

t h a t  exper imental  d a t a  up t o  and inc lud ing  1979 u n d e r l i e  t h e  

records  and t h a t  t h e  two records a r e  a f f e c t e d  by s t o c h a s t i c  per- 

t u r b a t i o n  on most of  t h e  e s t i m a t e s ,  used i n  t h e  model, i n  an 

a t tempt  t o  account f o r  u n c e r t a i n t i e s  and n a t u r a l  f l u c t u a t i o n s .  



The program prov ides a  s p a t i a l  r e s o l u t i o n  on t h e  community and 

t rea tment  p l a n t  l e v e l ,  and has  been set up w i th in  an i n t e r a c t i v e  

d ia logue o r i e n t e d  framework. This a l lows f o r  i n t e r a c t i v e  des ign  

o f  management p o l i c i e s .  For each month economic i n d i c a t o r s  

(revenues from tour ism,  c o s t s  of reed management and wastewater 

t rea tment )  and a  d e t a i l e d  l i s t i n g  o f  t he  l a k e ' s  and reed system's  

s t a t u s  can be  d isp layed.  The model system has  been designed a s  

one s t e p  towards an i n t e l l i g e n t  and f r i e n d l y  dec i s ion  suppor t  

sys  t e m .  

A. 2 The Lake Submodel 

A simple approach was chosen t o  model t h e  o v e r a l l  n u t r i e n t  

dynamics o f  t h e  lake / reed  system. The concep tua l i za t i on  o f  t h e  

system i s  given by two coupled elements,  namely t h e  reed and t h e  

open lake .  Each o f  t h e  two subsystems r e c e i v e s  i n p u t  of  s o l u b l e  

and p a r t i c u l a t e  n u t r i e n t s  and they a r e  coupled by a  smal l  n e t  

flow from t h e  reed  system t o  t h e  open lake ,  ba lanc ing  t h e  l a k e s  

out f low under t h e  assumption of  a  s t a b l e  volume, and eddy d i f -  

f u s i v i t y  a long t h e i r  common bo rde r l i ne .  

To be more s p e c i f i c ,  t h e  l a k e  submodel c a l c u l a t e s  f o r  every 

month t t h e  s t a t e  o f  t h e  lake/ reed system y ( t ) .  From t h i s  s t a t e  

a  q u a l i t a t i v e  w a t e r  q u a l i t y  i n d i c a t o r ,  l i k e  "good, "bad" o r  

"d isgus t ing"  - based on t h e  a l g a l  biomass, d e t r i t u s  and temperature - 
i s  determined. The monthly c a l c u l a t i o n s  requ i re :  

a)  t h e  c l i m a t i c  record f o r  month t: 

* temp ( temperature)  

* rad  ( r a d i a t i o n )  

* f low ( in f low = outf low of  water )  

* eddy (eddy d i f f u s i o n  c o e f f i c i e n t ,  based on wind) 



b )  t h e  record  o f  loads  f o r  month t: 

* ppr in  ( load  of  p a r t i c u l a t e  phosphorus i n t o  t h e  reed)  

* p s r i n  ( l oad  o f  s o l u b l e  phosphorus i n t o  t h e  reed)  

* p p l i n  ( l oad  of  p a r t i c u l a t e  phosphorus i n t o  t h e  l a k e )  

* p s l i n  ( l oad  of  s o l u b l e  phosphorus i n t o  t h e  l a k e )  

c )  t h e  s t a t e  o f  t h e  prev ious month, y ( t -1  ) 

d)  t h e  amount of  reed  harves ted  and c o n s t a n t s  l i k e  t h e  

l ake  volume. 

The submodel's c a l c u l a t i o n  of  t h e  nex t  s t a t e  i s  e n t i r e l y  de te r -  

m i n i s t i c ,  except  f o r  t h e  determinat ion o f  a t u r b i d i t y  va lue  i n  

f 2  ( see  below) . 
The s t a t e  vec to r  y c o n s i s t s  o f  8 e lements ,  s a t i s f y i n g  t h e  

fo l lowing d i f f e r e n t i a l  equat ions ,  con ta in ing  1 4  parameters (p i ) .  

dy 1 
reed  biomass i n  p: - = d t  r ~ r o z  - mart - harv .  

dy2 - ppr in  - rmin - r sed  - ppexch * - C 1  d e t r i t u s  p i n  reed : - 

- ppt ran  

d='3 a v a i l a b l e  p i n  reed:  = p s r i n  + rmin + sedexc * C2 

- rup tk  = psexch * C1 - p s t r a n  

d='4 d e t r i t u s  p i n  reed  sediment: T = r s e d  * C3 - rsmin - s l o s s  

dy5 - rsmin - rest - sedexc * C3 i n t e r s t i t i a l  a v a i l a b l e  p: - 

dy6 d e t r i t u s  p i n  l ake :  - - d t  - p p l i n  + ppexch * Cq + amort - s e d l  + 

- dmin - ppexp 

d='7 a v a i l a b l e  p i n  lake:- = p s l i n  + psexch 
d t  * C4 + dmin - aprod + 

- psexp - prec  

dy8 a l g a l  biomass i n  p: = aprod - amort - aexp. 



The d e s c r i p t i o n  o f  t h e  processes (when temp > 0)  : 

* rprod = f l  ( ~ ~ t ~ ~ t ~ ~ , ~ ~ t ~ ~ t t e m ~ , r a d )  sedexc = ( Y ~ - Y ~ )  p14 

rmort = y l  * p5 rup tk  = C l  * rp rod  * p6 

rmin = temp * y2 * p2 rest = rprod * (1 - p6)  

r sed  = y2 * p l  rsmin = temp * y4  * p l  

ppexch = - eddy * (y6 - y2 )  amOrt = y8 * pg 

psexch = - eddy * (y7 - y3) s e d l  = y6 * p7 

pp t ran  = y2 * f low * C5 dmin = temp * y6 * p8 

p s t r a n  = y3 * f low * C5 ppexp = y6 * f low * C6 

psexp = Y7 * f low * C6 aprod = y8 * temp * rad  * 

aexp = y8 * f low * C6 prec = f 2 ( y 7 )  

volume l a k e  Ci a r e  cons tan ts ,  e .g .  C1 is t h e  r a t i o  reed 

The parameters ,  pi, a r e  p resented  i n  Table 1. 

A.3 A New Framework f o r  t h e  Lake Submodel 

I n  view o f  t h e  o b j e c t i v e s  of  t h i s  paper  t h e  l a k e  Neusiedl 

model was cons idered t o  b e  what it e s s e n t i a l l y  i s ,  namely an 

i npu t  genera to r  f o r  t h e  l a k e  submodel, and t h e  l ake  submodel 

i t s e l f .  The complete l a k e  Neusiedl model was used t o  genera te  

i n p u t ,  bo th  f o r  1976 and 1980, c o n s i s t i n g  o f :  

a )  t h e  i n i t i a l  cond i t i ons  

b )  i n p u t  sets. Each set c o n s i s t s  o f  t h e  c l i m a t i c  records  

and t h e  records  of l oads  f o r  12 months. On beha l f  o f  

t h e  1980 s imu la t ions  100 d i f f e r e n t  (because o f  t h e  

s t o c h a s t i c  per tu rbances)  sets w e r e  generated,  on beha l f  

o f  1976 t e n  sets. 



A s imu la t ion  program S I M U L  was w r i t t e n  t o  perform t h e  

s imu la t ions ,  desc r ibed  i n  t h i s  paper.  SIMUL i s  a c o n t r o l l e r  

a b l e  t o  read  i n p u t  from t h e  i n p u t  s e t s ,  which runs t h e  l a k e  

submodel. Compared t o  t h e  o r i g i n a l  model two changes w e r e  made: 

a )  t h e  random d is tu rbance of  t h e  t u r b i d i t y  va lue  was 

skipped; 

b) t h e  amount o f  reed  harves ted  each month w a s  p u t  a t  zero.  
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