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Appendix A

Neuro-fuzzy load estimation: MATLAB
codes, usage, and examples

This appendix details the MATLAB files
used to implement the neuro-fuzzy nutrient
load estimation, and includes an informal User
Manual with example files to help applying the
method in other situations. All these materials
are also provided in a digital support attached
to this book. The Numerical Example.ppt file
has no printed equivalent in this appendix, be-
cause its multimedia features are incompatible
with the paper support. An alternative source is
http://www.aslo.org/lomethods/free/
2004/0342 numerical example.ptt.

A.1 User Manual

A.1.1 Introduction

As stated in the Introduction of Chapter 1, fuzzy
logic are little used in limnology, and almost com-
pletely ignored by classical statistics textbooks, and
by standard statistical packages. The contents in
Appendix A want to fill this gap, providing all tools
needed to calculate loads with the method presented
in the paper. The only pre-requisite is to have ac-
cess to the MATLAB basic package plus the MAT-

LAB Fuzzy Logic Toolbox, but no expertise with
this software is required.

The complexity of the algorithms needed to ap-
ply ANFIS discouraged the authors from writing the
codes in a free-access language, to give stand-alone
executables. Instead, we wrote codes in MATLAB
language, to take advantage of the ANFIS func-
tions present in the MATLAB Fuzzy Logic Tool-
box. Since MATLAB is not free software, use of the
codes presented here limits to people having access
to MATLAB. However, the authors will update this
Appendix as soon as free access, powerful ANFIS
functions appear (nowadays, only very limited AN-
FIS functions are available outside the MATLAB
Fuzzy Logic Toolbox).

The following sections explain how to use the
MATLAB m-files included in the Appendix to cal-
culate constituent annual loads. But it should be
stressed that not only loads, but also any regression
problem can be analyzed with our procedure, even
problems with more than two inputs (i.e. indepen-
dent variables). However, only one output (i.e. de-
pendent variable) is accepted by our method, and
missing values are not allowed.

143
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A.1.2 MATLAB files management

Despite we wrote our codes to be used without
any MATLAB training, some basic guidelines on
MATLAB files management will be given here, be-
cause this MATLAB feature frequently disorients
beginners.

To work with our m-files and data, we have to
place all files in a folder included in the MATLAB
working path. The working path is a collection of
folders where MATLAB searches files when these
are called. Any file located outside this path will
be invisible to MATLAB. The working path is ac-
cessible clicking the Path Browser button in the
MATLAB command window, or typing path in the
prompt. The most practical solution for beginners
is to place files in the folder . . ./MATLAB/Work,
usually the default current directory (i.e. the folder
where MATLAB preferentially loads or saves data).
If after a run with our m-files the expected output
files are not in . . ./MATLAB/Work, it means that
the current directory is not that folder (but we will
find the output files in the folder defined as the cur-
rent directory, of course!).

The MATLAB working path is easily edited with
the Path Browser tool. But we recommend begin-
ners to work with the . . ./MATLAB/Work folder as
the working directory, and only edit the MATLAB
working path if either this folder is absent or it is not
the current directory.

Remember that MATLAB is case sensitive. Thus,
any data file or m-file should be named properly
when requested (e.g. Data.dat but NOT data.dat).

A.1.3 Data preparation

Two data files are needed to run the m-files pro-
vided in this Appendix. It is of great importance
placing the input variables in the same column
order in these two files. Failing to do so will
cause nonsense results, or a general collapse dur-
ing computation.

A convenient format to work with MATLAB is
ASCII. Our experience is that pasting data from
a spreadsheet in the Windows Notepad and saving
from this application has no conflicts with MAT-
LAB. Remember that all data and m-files should be

placed in a folder included in the MATLAB work-
ing path.

Main data file

We have to arrange our basic data in a file
with three columns: day number, daily flow
[m3 s-1], and mean daily nutrient concentration
[mgconstituent L-1] (e.g. Data.dat). The day num-
ber must be assigned considering the January 1st of
the first year in the database as the day one. Take
account of leap years! !

It is of great importance to place the output (nutri-
ent concentration) in the last column, as MATLAB
functions expect so. Units should be as above to
maintain units coherence in the output files. Any
missing value should be present.

Continuous input file

We have shown in the paper that after a relation-
ship (i.e. a FIS) is established between the inputs
and the output, we use this fuzzy relationship to ob-
tain a continuous output (i.e. daily constituent con-
centration) from a continuous input (i.e. daily flow
and day number). Thus, we need a file to feed the
method with such a continuous input. In the case
of annual load calculations, the file must contain a
column with daily flows, and a column with day
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numbers. The day number column will consist in
a column covering from January 1st of the first year
present in the database to December 31st of the last
year in the database. For example, for a database
containing data from two non-leap years, the day
number column will take values from 1 to 730. The
flow column should consist in a continuous daily
record corresponding to the days in the day num-
ber column. The file Coninput.dat is an example.
For applications different than nutrient load calcu-
lations, this file could be the Main data file without
the dependent variable, or other appropriate collec-
tion of inputs.

A.1.4 Structure identification

In this section we explain how to use a graphi-
cal user interface included in the MATLAB Fuzzy
Logic Toolbox to solve the structure identification.
The basic purpose is to answer the question: How
many MFs are necessary for each input variable?

1. Launch MATLAB and type anfisedit. A graph-
ical interface to work with ANFIS starts.

2. Click Load data. . . with the Training option
active. Load the Main data file (e.g. Data.dat).
The output variable appears plotted on the
screen.

3. Click Generate FIS. . . with the Grid partition
option active. A new window appears. In the
Input MF Type box choose gaussmf, and in the
Output MF Type box choose constant. In the
Number of Input MFs box type a number of
membership functions for each input separated

by a space (e.g. start with 2 2). Here the in-
puts are ordered as in our files. Click OK. A
graphical diagram of the generated zero-order
Sugeno-type model is available clicking the
button Structure

4. Set the Optim. Method to hybrid, and the error
tolerance to 0. Write a number of epochs for
the training process (e.g. 50). Click Training
Now. A picture of the evolution of the Mean
Square Error between modeled and observed
values is displayed. If evidence exist that more
epochs will significantly decrease the Error,
click the Train Now button again.

5. When a reasonably stable Error value is
achieved, click Test Now with the Training
data option active. Record the Average Test-
ing Mean Square Error displayed in the box at
the bottom of the window, and also the total
number of epochs used to achieve a stable Er-
ror value.

6. Repeat steps 3 to 5 with different number of
Input MFs, until a decision can be taken. This
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step includes some subjectivity, because in ad-
dition to the Mean Square Error, the total num-
ber of parameters should also be considered as
a criterion. Each gaussian MF has two param-
eters, and the total output parameters are the
product of the number of MF in each input. To-
tal number of parameters should not exceed 1/6
the number of cases present in the Main data
file.

This procedure works with gaussian input MFs
and constant output MFs. We purposely omitted a
discussion about the many options included in the
ANFIS package, because this is beyond the scope of
the Appendix. Although we encourage researchers
to change these options if enhanced performance is
expected, alternative ANFIS configurations usually
gave poor results or an unacceptable amount of pa-
rameters. Researchers should consult the MATLAB
Fuzzy Logic Toolbox documentation if they want to
use alternative configurations.

A.1.5 Parameter estimation

When the structure identification problem is
solved, the next step is to assign values to input and
output MFs parameters. Once such values are as-
signed, we can use the generated FIS to calculate
loads. This section explains how to obtain nutri-
ent loads with the Monte-Carlo analysis explained
in the paper.

Generating Training and Checking files

For computational convenience, we first ran-
domly generate the different training and check-

ing data files, which will be used during the
Monte-Carlo ANFIS estimation. The m-file
Resampler.m is the code that performs this ac-
tion. Launch MATLAB and type Resampler. The
application request some information:

1. First we have to type the name of the Main data
file to be resampled (e.g. Data.dat).

2. Then, the amount of samples desired in the
Training set should be specified. We assigned
2/3 of the cases in the Main data file. All
cases not included in the Training set go to the
Checking set.

3. The number of resamplings refers to the
amount of Training and corresponding Check-
ing data files we want to generate. We used
1000 in the paper (this generates 2000 files).
We recommend generating few more sets than
we need (see subsection 8).

4. Next, the desired name for the Training and
Checking data files is requested. These are
a prefix, because the complete file name is
this prefix plus an automatically added num-
ber and extension. For example, if we answer
Train and Check, the generated files will be
Train1.dat, Train2.dat, . . . , and Check1.dat,
Check2.dat,. . .

Calculating loads

When Training and Checking data files have been
generated, the last step to obtain the desired annual
loads is to run Anfispaper.m. Type Anfispaper
in the MATLAB prompt. As above, a number of
questions should be answered:
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1. First and last iteration number in the Monte-
Carlo framework. This is to specify the amount
of Monte- Carlo iterations. These numbers are
related to the index in the Training and Check-
ing files generated through Resampler.m,
so we cannot go beyond the number of resam-
plings generated in the preceeding section. We
can start with a small number of iterations (e.g.
answering 1–100), and repeat calculations with
different Training and Checking files (e.g. an-
swering 101–200, 201–300,) until loads and
variances are stable (the program does NOT
calculate this, the researcher should collect re-
sults after each run). This is very useful, be-
cause there is no a priori method to know how
many iterations are needed to attain stable re-
sults. Typing 1000 or 10000 iterations will
result in a very time-consuming computation
(several hours), whereas 100 iterations could
take only few minutes.

2. The four next questions refer to the names of
the different working data files (Main data file,
Continuous data file, Training and Checking
files).

3. The information we collected during the Struc-
ture Identification trial-and-error procedure is
incorporated through the seventh and eighth
questions. First we have to type the number
of MFs we have considered optimal for each
input. Then, the number of training epochs
needed during the ANFIS training. This num-
ber is actually an approximation, and it is better
to place this limit beyond the minimum num-
ber of epochs needed during the trial-and-error
step.

4. Inferior and superior limits for output modeled
values. All values beyond these limits will be
considered as nonsense values, as explained in
the paper. Researcher expertise and/or infor-
mation in the Main database could help an-
swering this question.

5. If annual loads are considered, two more ques-
tions should be answered. First we have to type
the column number where the flow input is
placed in the Main and Continuous data files.
The last question is the first year sampled in
the Main data set. This number will be used to
deal with leap years, so it is NOT and option.

After answering these questions, the computer
will calculate during several minutes, depending on
the number of Monte-Carlo iterations and the ve-
locity of the processor. When calculations end, the
time elapsed (in seconds) is showed on the screen.
Some warning messages could also be present on
the prompt. These messages can be completely ig-
nored. Results are stored in ASCII files located in
the MATLAB working folder, which can be opened
by standard spreadsheets and statistical packages.
Bear in mind that Anfispaper will overwrite results
files generated during previous runs. Place valuable
results outside the working folder.

A.1.6 Results files

loadsanual.dat

Annual load data in Kg constituent per year.
There is one row for each Monte-Carlo iteration,
and one column for each year modeled (the first col-
umn is the first year modeled). From this data we
can calculate mean annual loads and variances, as
well as test the normality of distributions. This file
will be missing if annual loads are not considered
during calculations.

nonsensevalues.dat

This file includes all the information about non-
sense values detected during daily nutrient concen-
tration prediction. This file contains a row for each
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value modeled during the evaluation of the Contin-
uous input file, and a column for each Monte-Carlo
iteration (it could be a very large file! !). Each cell
in this file contains a number:

0. The value was not considered as a nonsense
value. No action was taken.

1. Nonsense value considered. The modeled
value was smaller than the user-defined infe-
rior limit. The value was replaced by the pre-
ceding modeled output.

2. Nonsense value considered. The modeled
value was higher than the user-defined superior
limit. The value was replaced by the preceding
modeled output.

3. Nonsense value considered. One or more input
values were beyond the limits of the collection
of inputs present in the Main data file. The
ANFIS function in the MATLAB Fuzzy Logic
Toolbox does not model such values (i.e. it
do not extrapolate, simply assigns an statistical
value to this output). The value was replaced
by the preceding modeled output.

fitandresiduals.dat

This file includes information about several diag-
nostic analysis implemented in Anfispaper. There is
a row for each Monte-Carlo iteration. The number
of columns will vary depending on the number of
inputs (n) (34 columns in a two input problem):

Col. 1. Training Mean Square Error be-
tween observed and modeled con-
centration values plus Checking
Mean Square Error.

Col. 2. Coefficient of determination of
the regression between modeled
and observed concentration values.
Only Training data set considered.

Col. 3. Coefficient of determination of
the regression between modeled
and observed concentration values.
Only Checking data set considered.

Col. 4. P-value of the Kolmogorov-
Smirnov test for normality of
the residuals. If p-value > 0.05
residuals are normal.

Col. 5. Mean value of the residuals.

Col. 6. Variance of the residuals.

Next (2+n). Residuals Lag-1 autocorre-
lation. The first column refers to
the model residuals. Then, there is
a column for residual series sorted
by each input, and a final column for
residuals sorted by modeled values.

Next (2+n). P-value of the Kendall rank
coefficient test for presence of
trends in the residuals. If p-value >
0.05 a trend is present. The first col-
umn refers to the model residuals.
Then, there is a column for resid-
ual series sorted by each input, and a
final column for residuals sorted by
modeled values.

Next (2+n). P-value of the coefficient of
determination (r2) of the regression
between residuals and an indepen-
dent variable. If p-value > 0.05 the
slope of the regression is not zero.
Thus, a linear trend is present in the
series. The first column refers to the
model residuals. Then, there is one
column for a regression with each
input, and a final column for a re-
gression with modeled values.

Next (2+n). Runs test T statistic . If
T statistic is < 1.96 no trend is
present (no difference between ob-
served and expected runs). The first
column refers to the model residu-
als. Then, there is a column for
residual series sorted by each in-
put, and a final column for residuals
sorted by modeled values.

Next (2+n). Expected runs if residuals
were random.
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Next (2+n). Observed runs. The first
column refers to the model resid-
uals. Then, there is a column for
residual series sorted by each in-
put, and a final column for residuals
sorted by modeled values.

Next (2+n). Runs interval. If observed
runs > (expected runs + interval)
there is a cyclic trend. If observed
runs < (expected runs + interval)
there is a monotonic trend.

parametersanfis.dat

This file includes information about the parame-
ters fitted during ANFIS estimation. There is a row
for each Monte-Carlo iteration. The columns will
vary depending on the number of inputs and MFs:

Col. 1. Standard deviation of the first
gaussian curve (MF) of the input 1
(the input order is the order in the
data files).

Col. 2. Mean of the first gaussian curve
(MF) of the input 1.

Col. 3. Standard deviation of the second
gaussian curve (MF) of the input 1.

Col. 4. Mean of the second gaussian
curve (MF) of the input 1.

(. . . ) MF parameters of Input 2 are placed
next, and so on.

Output MFs parameters follow the input param-
eters. Remember that output MFs are constants.
Thus, there is only one parameter for each output
MF. To understand how output constants are sorted
in this file we have to bear in mind that each output
parameter is the consequent of an if-and-then rule.
Indeed, the output constants are sorted following an
if-and-then rule order. The order of the output pa-
rameters are:

Column 1 after input parameters:

If Input 1 is MF 1 and Input 2 is MF 1 ,

then Out put is Constant 1

Column 2 after input parameters:

If Input 1 is MF 1 and Input 2 is MF 2 ,

then Out put is Constant 2

Etc. . .

Remember that we can draw the gaussian MFs
from the parameters in this file. A gaussian curve is
defined by the equation:

f (x) = e
−(x−c)2

2σ2 (A.1)

where c is the mean parameter and σ the standard
deviation. x is the value of the input variable (flow
or time).

outputseries.dat

This file includes all modeled values during sim-
ulation (i.e. daily nutrient concentration). Here,
the nonsense values are already processed. This
file contains a row for each value modeled from the
evaluation of the Continuous input file, and a col-
umn for each Monte-Carlo iteration. Take in mind
that this file can be very large.

A.1.7 Performance analisys

The m-file Performance.m implements the
performance analysis explained in Chapter 1. If
annual loads are not considered, the comparisons
between modeled and observed values are between
sums of outputs instead of between sums of loads.
Other possibilities can be easily programmed. Con-
tact the author for assistance.
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1. Launch MATLAB and type Performance. A
number of questions should be answered.

2. First subsampling frequency: The performance
analysis is repeated for Training and Check-
ing sets of different sizes (always maintain-
ing the 2/3–1/3 ratio). The frequency refers
to the number of samples in the first Train-
ing + Checking sets. Then, calculations are re-
peated with 2×frequency cases in these sets,
then with 3×frequency cases, and so on (until
the total number of cases in the Main data file
are reached).

3. Number of calculations in each sampled fre-
quency: Inside each frequency, calculation will
be repeated several times (i.e. a Monte-Carlo
framework for each frequency). This number
is also the index to call Training and Check-
ing files (e.g. if we answer 100, Training and
Checking files numbered from 1 to 100 will be
used to built new Training and Checking sets
according to the defined frequency, as well as
the Evaluation sets).

4. Following questions are equivalent to that
present during Anfispaper run. See above.

After answering these questions, the computer
will calculate during several minutes, depending on
the number of Monte-Carlo iterations, number of
different frequencies, and the velocity of the pro-
cessor. The output consists in two files for EACH
frequency (freq):

• PerfLoadfreq.dat: This file contains the loads
(or other result if annual loads are not consid-
ered) calculated through evaluation of inputs
present in the different Evaluation sets, and the
actual load calculated from the outputs present
in these sets (nonsense values excluded, see ex-
planations in Chapter 1). There is a row for
each Monte-Carlo iteration. The first column
is the observed load, the second is the modeled
load. From these files we can calculate mean
bias and variance, and we can also test the sig-
nificance of this bias.

• PerfNonSensefreq.dat: This file is equivalent
to the Nonsensevalues.dat file above. We cal-
culated the mean number and variance of non-
sense values in each frequency from these files.

A.1.8 Special error message

In very rare occasions, an Anfispaper or a Perfor-
mance run crashes, displaying an error message of
the type:

ANFIS FUNCTION CANNOT WORK
WITH THE CHECKING FILE NUM-
BER 134. THIS FILE SHOULD BE
MODIFIED.

(Anfispaper run)

ANFIS FUNCTION CANNOT WORK
WITH THE CHECKING FILE NUM-
BER 456 IN FREQUENCY 300. THIS
FILE SHOULD BE MODIFIED.

(Performance run)

This is due to a bug in the anfis MATLAB Fuzzy
Logic Toolbox function. Usually, if the anfis func-
tion finds an input space in the Checking data be-
yond the limits of the input space in the correspond-
ing Training set, this Checking case is not modeled,
and a statistical output is assigned. But if a Check-
ing input value is really far beyond the limits defined
in the Training set, anfis could fail evaluating rules
including this input, and the run crashes.

In practice, we never found this error during An-
fispaper runs. Only in one occasion a Performance
run crashed. However, we included this error mes-
sage to help researches in other situations. When an
error of this type appears, the Checking file named
in the error message and its corresponding Train-
ing set should be eliminated, and replaced by other
combination of Training and Checking sets. This
is way we recommended to generate more Training
and Checking files than needed. For example, if we
want to work with 1000 Training and Checking sets,
we generate more (e.g. 1010). Then, if any error of
this type appears, we can discard the problematic
files and replace it with one of the pairs not in use
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(i.e. we have to rename the files). Remember that
the collection of Training and Checking files should
be numbered without gaps. Otherwise, the applica-
tions will crash.
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A.2 MATLAB codes and example files

MAIN MATLAB APPLICATIONS

Anfispaper.m
Performance.m
Resampler.m

OTHER MATLAB FUNCTIONS

acorf.m
acovf.m
kendallrank.m
komogorov.m
normcdf.m
stdncdf.m
regressr.m
runsrf.m

EXAMPLE DATA

Data.dat
Coninput.dat

A.2.1 Anfispaper.m

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% ANFISPAPER %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% ANFISPAPER. Applies ANFIS in a Monte-Carlo framework %
% Any number of inputs can be modeled but only one output %
% Also, the input MF‘s must be gaussian, and the output MF constants%
% Other configurations need changes in the line 75 and 216-229 %
% As the core of the procedure is the anfis function from %
% the Matlab Fuzzy Logic toolbox, consult documentation in this %
% toolbox to change anfis options. %
% Four files are saved as outputs. Consult the Appendix A for %
% details. %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

clear

fprintf (’\nANFISPAPER’)
fprintf (’\nby Rafael Marce (2003) <rafamarce@ub.edu>’)
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inisample=input(’\n\nFirst iteration number in the Monte-Carlo framework: ’);

finsample=input(’\nLast iteration number in the Monte-Carlo framework: ’);

originaldata=input(’\nName of the file with the original data set (with extension): ’,’s’);

continuinput=input(’\nName of the file with a continuous input (with extension): ’,’s’);

mostrejats=input(’\nName of the Training data files (only prefix, without neither number nor extension): ’,’s’);

remanents=input(’\nName of the Checking data files (only prefix, without neither number nor extension): ’,’s’);

numeroMF=input(’\nNumber of MF’’s in each input variable in brackets, e.g. [2 3 3]: ’);

numberiter=input(’\nNumber of iterations in each training process: ’);

nullimits=input(’\nInferior and superior limits for output modeled values in brackets\n(nonsense ’ ...
... values considered outside limits), e.g. [0 10] : ’);

%the last break is illegal, must be recomposed to avoid errors
loadsq=input(’\nDo you want to calculate annual loads? (y/n) : ’,’s’);

if loadsq==’y’
flowloc=input(’\nWhich column number is the flow data located in? : ’);
firstyear=input(’\nFirst year to be modeled (4 digits) : ’);

else
fprintf (’\nAnnual loads will NOT be calculated’)

end
tic
extensio=’.dat’;
%%%%%%%%%%%%%%%%%%%%%%ANFIS in a Monte-Carlo framework%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

conterror=0; %Error message. See the text document included in the Appendix
for i=inisample:finsample
numero=int2str(i);

arxiu=strcat(mostrejats,numero,extensio);
trainingdata=load(arxiu);
arxiu2=strcat(remanents,numero,extensio);
checkdata=load(arxiu2);

%Generating a fuzzy inference system with the user-defined options
fismat=genfis1(trainingdata,numeroMF,’gaussmf’,’constant’);

[ard,ardd]=size(trainingdata);
numberinputsee=ardd-1;

seriept=evalfis(checkdata(:,1:numberinputsee),fismat);
if any(seriept˜=0)
fprintf (’\nANFIS FUNCTION CANNOT WORK WITH THE CHECKING FILE NUMBER %d.\nTHIS FILE SHOULD BE REPLACED\n’,i)
conterror=conterror+1;
else
end

end
if conterror>0

return
else
end

for i=inisample:finsample

%Loading the training and checking data
%This loading procedure explains why we label the training and cheching data with a number
numero=int2str(i);
arxiu=strcat(mostrejats,numero,extensio);
trainingdata=load(arxiu);
arxiu2=strcat(remanents,numero,extensio);
checkdata=load(arxiu2);

[ak,akk]=size(trainingdata);
numberinputs=akk-1;

%Generating a fuzzy inference system with the user-defined options
fismat=genfis1(trainingdata,numeroMF,’gaussmf’,’constant’);

%Adaptive neuro-fuzzy inference. Anfis function is the core of the procedure
[fistraining,etraining,ss,fischeck(i),echeck]=anfis(trainingdata,fismat,numberiter,[0 0 0 0],checkdata);

%%%Error and fit evaluation of the parameterized FIS structure%%%

%Looking for the training iteration with minimum mean squar error between the observed data and the checking set
%Remember that the parameter values during this iteration are the final values considered for the current iteration
minimoerrorchk=min(echeck);
posicion=find(echeck==minimoerrorchk);

%Global error, calculated as the sum of the errors from the training and cheching sets
sumaerror(i,1)=minimoerrorchk+etraining(posicion);

%Least squares regression for the training and checking sets
seriefit=evalfis(trainingdata(:,1:numberinputs),fischeck(i));
seriefit2=evalfis(checkdata(:,1:numberinputs),fischeck(i));
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[pvalue,rsquare]=regressr(trainingdata(:,akk),seriefit);
sumaerror(i,2)=rsquare;

[pvalue,rsquare]=regressr(checkdata(:,akk),seriefit2);
sumaerror(i,3)=rsquare;

%Residuals observed-modeled values
matriu_obs = cat(1,trainingdata,checkdata);%concatenation
valors_predits = cat(1,seriefit,seriefit2);
valors_obs = matriu_obs(:,akk);
residus = valors_obs - valors_predits;

%Residuals and different inputs and predicted values in one matrix
matriu_resiuds(:,1) = residus;
for lk=2:(akk)

matriu_resiuds(:,lk) = matriu_obs(:,(lk-1));
end
matriu_resiuds(:,(akk+1)) = valors_predits;

%Kolmogorov-Smirnov test (normality of the residuals)
mean_residus(1:length(residus),1) = mean(residus);%Needed for a subrutine in kolmogorov.m
var_residus(1:length(residus),1) = var(residus);
[statistic, pvalue, H]=kolmogorov(residus,0.05,’norm_cdf’,mean_residus,var_residus);

%%%%%%%%%% model residuals statistics

%Lag-1 autocorrelation
residust=transpose(residus);
parmtr=length(residus)-1;
autocorr_fx = acorf(residust,parmtr);
lag1_residus(1) = autocorr_fx(1);

%runs test
[Tstat(1),expectedruns(1),nombreruns(1),intervalo(1)]=runsrf(residus);

%kendall rank coefficient for trends
[mu,h,pvalken(1)]=kendallrank(residus);

%Least squares regression (zero slope significance)
contadorx=(1:length(residus))’;
[pvalreg(1),xxxx]=regressr(residus,contadorx);

%%%%%%%%%% input variables residuals statistics

for ii=1:numberinputs
residus_ordenats = sortrows(matriu_resiuds,ii+1);%residuals sortet by inputs

%Lag-1 autocorrelation
residust=transpose(residus_ordenats(:,1));
parmtr=length(residus_ordenats(:,1))-1;
autocorr_fx = acorf(residust,parmtr);
lag1_residus(ii+1) = autocorr_fx(1);

%runs test
[Tstat(ii+1),expectedruns(ii+1),nombreruns(ii+1),intervalo(ii+1)]=runsrf(residus_ordenats(:,1));

%kendall rank coef
[mu,h,pvalken(ii+1)]=kendallrank(residus_ordenats(:,1));

%Least squares regression (zero slope significance)
[pvalreg(ii+1),xxxx]=regressr(residus_ordenats(:,1),residus_ordenats(:,ii+1));

end

%%%%%%%%%% predicted values residuals statistics

residus_ordenats = sortrows(matriu_resiuds,akk+1);

%Lag-1 autocorrelation
residust=transpose(residus_ordenats(:,1));
parmtr=length(residus_ordenats(:,1))-1;
autocorr_fx = acorf(residust,parmtr);
lag1_residus(akk+1) = autocorr_fx(1);

%runs test
[Tstat(akk+1),expectedruns(akk+1),nombreruns(akk+1),intervalo(akk+1)]=runsrf(residus_ordenats(:,1));

%kendall rank coef
[mu,h,pvalken(akk+1)]=kendallrank(residus_ordenats(:,1));

%Least squares regression (zero slope significance)
[pvalreg(akk+1),xxxx]=regressr(residus_ordenats(:,1),residus_ordenats(:,akk+1));

%%%%%%%%%% collecting results. Programmed for any number of input variables

sumaerror(i,4)=pvalue;%Kolmogorov pvalue
sumaerror(i,5)=mean(residus);%mean of the residuals
sumaerror(i,6)=var(residus);%variance of the residuals

for iii=7:(7+numberinputs+1)
sumaerror(i,iii)=lag1_residus(iii-6);
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end

for iii=(7+numberinputs+2):((7+numberinputs+2)+numberinputs+1)
sumaerror(i,iii)=pvalken(iii-(7+numberinputs+1));

end

for iii=((7+numberinputs+2)+numberinputs+2):(((7+numberinputs+2)+numberinputs+2)+numberinputs+1)
sumaerror(i,iii)=pvalreg(iii-((7+numberinputs+2)+numberinputs+1));

end

for iii=(((7+numberinputs+2)+numberinputs+2)+numberinputs+2):((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)...
+numberinputs+1)

sumaerror(i,iii)=Tstat(iii-(((7+numberinputs+2)+numberinputs+2)+numberinputs+1));
end

for iii=((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2):(((((7+numberinputs+2)+...
numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+1)

sumaerror(i,iii)=expectedruns(iii-((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+1));
end

for iii=(((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2):...
((((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+1)

sumaerror(i,iii)=nombreruns(iii-(((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)...
+numberinputs+2)+numberinputs+1));

end

for iii=((((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)...
:(((((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)+...

numberinputs+2)+numberinputs+2)+numberinputs+1)
sumaerror(i,iii)=intervalo(iii-((((((7+numberinputs+2)+numberinputs+2)+numberinputs+2)+numberinputs+2)...

+numberinputs+2)+numberinputs+1));
end

end

%%%%%%%%%%%ANFIS parameters. It is only possible with gaussian MF in the inputs and a constant parameter as output MF
%For other options this code must be modified. See the Fuzzy logic toolbox pdf help for other options and
%associated number of parameters

for i=inisample:finsample
ww=-1;
for qq=1:numberinputs

for qqq=1:numeroMF(qq)
ww=ww+2;
parmetresanfis(i,ww:ww+1)=getfis(fischeck(i),’input’,qq,’mf’,qqq,’Params’);%function that collects the fis parameters

%(the inputs in this case)
end

end
ppp=0;
for zz=ww+2:(ww+1+prod(numeroMF))

ppp=ppp+1;
parmetresanfis(i,zz)=getfis(fischeck(i),’output’,1,’mf’,ppp,’Params’);

end
end

%%%%%%%%%%%%Now we model the output with all the Fuzzy Inference Systems we have parameterized,
%with an input file specifief by the user

serieevaluar=load(continuinput);
serieoriginal=load(originaldata);

if loadsq==’y’

for h=inisample:finsample
seriept=evalfis(serieevaluar,fischeck(h));

%Nonsense values substitution
overl=0;
for tt=1:numberinputs

overli=find( (serieevaluar(1,tt) < min(serieoriginal(:,tt))) | (serieevaluar(1,tt) > max(serieoriginal(:,tt))) );
if any(overli)

overl=overl+1;
else
end

end
if overl>0 %no-trained inputs give an average output. A little disaster!!!

seriept(1)=serieoriginal(1,akk);%The probability of applying this is minimal!!
contadordepurats(1,h)=3;

elseif seriept(1)<nullimits(1)
seriept(1)=min(serieoriginal(:,akk));
contadordepurats(1,h)=1;

elseif seriept(1)>nullimits(2)
seriept(1)=max(serieoriginal(:,akk));%maximum in the database
contadordepurats(1,h)=2;

else
contadordepurats(1,h)=0;

end
for k=2:length(seriept)

overl=0;
for tt=1:numberinputs

overli=find( (serieevaluar(k,tt) < min(serieoriginal(:,tt))) | (serieevaluar(k,tt) > max(serieoriginal(:,tt))) );
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if any(overli)
overl=overl+1;

else
end

end
if overl>0

seriept(k)=seriept(k-1);
contadordepurats(k,h)=3;

elseif seriept(k)<nullimits(1)
seriept(k)=seriept(k-1);
contadordepurats(k,h)=1;
elseif seriept(k)>nullimits(2)

seriept(k)=seriept(k-1);
contadordepurats(k,h)=2;
else

contadordepurats(k,h)=0;
end

end

seriesoutputs(:,h)=seriept;

%%%%%%%%%%%%%Annual load calculation

numeroanys=length(serieevaluar)/365;%Only false for aprox 1400 years!!
serieloads=seriept.*serieevaluar(:,flowloc)*3.6*24;%Kg/day
contadordedies=1;
leapyears=[1848 1896 1948 1996 2044 2092

1852 1904 1952 2000 2048 2096
1856 1908 1956 2004 2052 2104
1860 1912 1960 2008 2056 2108
1864 1916 1964 2012 2060 2112
1868 1920 1968 2016 2064 2116
1872 1924 1972 2020 2068 2120
1876 1928 1976 2024 2072 2124
1880 1932 1980 2028 2076 2128
1884 1936 1984 2032 2080 2132
1888 1940 1988 2036 2084 2136
1892 1944 1992 2040 2088 2140];

for g=firstyear:(firstyear+numeroanys-1)
leaps=find(g==leapyears);
if any(leaps)

load(h,g-firstyear+1)=serieloads(contadordedies);
for dia=1:365

load(h,g-firstyear+1)=load(h,g-firstyear+1)+ serieloads(contadordedies+dia);
end
contadordedies=contadordedies+366;

else
load(h,g-firstyear+1)=serieloads(contadordedies);
for dia=1:364

load(h,g-firstyear+1)=load(h,g-firstyear+1) + serieloads(contadordedies+dia);
end
contadordedies=contadordedies+365;

end
end

end
save loadsanual.dat load -ascii

else

for h=inisample:finsample
seriept=evalfis(serieevaluar,fischeck(h));

%Nonsense values substitution
overl=0;
for tt=1:numberinputs

overli=find( (serieevaluar(1,tt) < min(serieoriginal(:,tt))) | (serieevaluar(1,tt) > max(serieoriginal(:,tt))) );
if any(overli)

overl=overl+1;
else
end

end
if overl>0

seriept(1)=serieoriginal(1,akk);
contadordepurats(1,h)=3;

elseif seriept(1)<nullimits(1)
seriept(1)=min(serieoriginal(:,akk));
contadordepurats(1,h)=1;

elseif seriept(1)>nullimits(2)
seriept(1)=max(serieoriginal(:,akk));
contadordepurats(1,h)=2;

else
contadordepurats(1,h)=0;

end
for k=2:length(seriept)

overl=0;
for tt=1:numberinputs

overli=find( (serieevaluar(k,tt) < min(serieoriginal(:,tt))) | (serieevaluar(k,tt) > max(serieoriginal(:,tt))) );
if any(overli)

overl=overl+1;
else
end
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end
if overl>0

seriept(k)=seriept(k-1);
contadordepurats(k,h)=3;
elseif seriept(k)<nullimits(1)
seriept(k)=seriept(k-1);
contadordepurats(k,h)=1;
elseif seriept(k)>nullimits(2)
seriept(k)=seriept(k-1);
contadordepurats(k,h)=2;
else

contadordepurats(k,h)=0;
end

end

seriesoutputs(:,h)=seriept;
end

end

%%%%%%%%%%Saving data

save nonsensevalues.dat contadordepurats -ascii
save parametersanfis.dat parmetresanfis -ascii
save fitandresiduals.dat sumaerror -ascii
save outputseries.dat seriesoutputs -ascii
toc
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A.2.2 Performance.m

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% PERFORMANCE %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% PERFORMANCE. Performance analisys as explained in the Appendix. %
% Applications different than load calculations or mathematicaly %
% equivalent need substantial modifications. %
% Contact the authors for specific cases. %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
clear

fprintf (’\nPERFORMANCE’)

fprintf (’\nby Rafael Marce (2003) <rafamarce@ub.edu>’)

freqcy=input(’\n\nFirst subsampling frequency : ’);

numsamples=input(’\nNumber of calculations in each sampled frequency: ’);

mostrejats=input(’\nName of the Training data files (only prefix, without neither number nor extension): ’,’s’);

remanents=input(’\nName of the Checking data files (only prefix, without neither number nor extension): ’,’s’);

numeroMF=input(’\nNumber of MF’’s in each input variable in brackets, e.g. [2 3 3]: ’);

numberiter=input(’\nNumber of iterations in each training process: ’);

nullimits=input(’\nInferior and superior limits for output modeled values in brackets\n(nonsense values ...
considered outside limits), e.g. [0 10] : ’);

%The above break is illegal. Must be recomposed to work with the code
loadsq=input(’\nIs it an annual load problem or equivalent? (y/n) : ’,’s’);

if loadsq==’y’
flowloc=input(’\nWhich column number is the flow data located in? : ’);
else
fprintf (’\nAnnual load NOT considered’)

end

tic
extensio=’.dat’;
numero=int2str(1);
arxiu=strcat(mostrejats,numero,extensio);
trainingdata=load(arxiu);
arxiu2=strcat(remanents,numero,extensio);
checkdata=load(arxiu2);
totalfile=cat(1,trainingdata,checkdata);
numberfreqcies=fix(length(totalfile)/freqcy);
[ak,akk]=size(trainingdata);
numberinputs=akk-1;

conterror=0; %Error message. See the text document included in the Appendix
for f=1:numberfreqcies

for i=1:numsamples
%Loading the training and checking data
%This loading procedure explains why we label the training and cheching data with a number
numero=int2str(i);
arxiu=strcat(mostrejats,numero,extensio);
trainingdata=load(arxiu);
arxiu2=strcat(remanents,numero,extensio);
checkdata=load(arxiu2);

totalfile=cat(1,trainingdata,checkdata);
numerotrains=round((f*freqcy)*2/3);

trainingdata=totalfile(1:numerotrains,:);
checkdata=totalfile((numerotrains+1):(f*freqcy),:);
evaldata=totalfile(((f*freqcy)+1):end,:);

%Generating a fuzzy inference system with the user-defined options
fismat=genfis1(trainingdata,numeroMF,’gaussmf’,’constant’);
seriept=evalfis(checkdata(:,1:2),fismat);

if any(seriept˜=0)
fprintf (’\nANFIS FUNCTION CANNOT WORK WITH THE CHECKING FILE NUMBER %d IN ...

FREQUENCY %d.\nTHIS FILE SHOULD BE MODIFIED\n’,i,f)
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%The above break is illegal. Must be recomposed to work with the code

conterror=conterror+1;
else
end

end
end
if conterror>0

return
else
end

%%%%%%%%%%%%%%%%%%%%%%ANFIS in a Monte-Carlo framework%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
for f=1:numberfreqcies

contadordepurats=zeros( (length(totalfile)-(f*freqcy)),numsamples);
for i=1:numsamples

%Loading the training and checking data
%This loading procedure explains why we label the training and cheching data with a number
numero=int2str(i);
arxiu=strcat(mostrejats,numero,extensio);
trainingdata=load(arxiu);
arxiu2=strcat(remanents,numero,extensio);
checkdata=load(arxiu2);
totalfile=cat(1,trainingdata,checkdata);
numerotrains=round((f*freqcy)*2/3);
trainingdata=totalfile(1:numerotrains,:);
checkdata=totalfile((numerotrains+1):(f*freqcy),:);
evaldata=totalfile(((f*freqcy)+1):end,:);
%Generating a fuzzy inference system with the user-defined options
fismat=genfis1(trainingdata,numeroMF,’gaussmf’,’constant’);
%Adaptive neuro-fuzzy inference. Anfis function is the core of the procedure
[fistraining,etraining,ss,fischeck,echeck]=anfis(trainingdata,fismat,numberiter,[0 0 0 0],checkdata);
seriept=evalfis(evaldata(:,1:numberinputs),fischeck);
loads(i,1)=0;
loads(i,2)=0;
serieoriginal=cat(1,trainingdata,checkdata);
%Nonsense values substitution and calcul
for k=1:length(seriept)

overl=0;
for tt=1:numberinputs

overli=find( (evaldata(k,tt) < min(serieoriginal(:,tt))) | (evaldata(k,tt) > max(serieoriginal(:,tt))) );
if any(overli)

overl=overl+1;
else
end

end
if overl>0

contadordepurats(k,i)=3;
elseif seriept(k)<nullimits(1)
contadordepurats(k,i)=1;

elseif seriept(k)>nullimits(2)
contadordepurats(k,i)=2;

else
contadordepurats(k,i)=0;
if loadsq==’y’

loadobs=evaldata(k,akk)*evaldata(k,flowloc)*3.6*24; % Kg/day
loadmod=seriept(k)*evaldata(k,flowloc)*3.6*24;
loads(i,1)=loads(i,1)+loadobs;
loads(i,2)=loads(i,2)+loadmod;

else
loadobs=evaldata(k,akk);
loadmod=seriept(k);
loads(i,1)=loads(i,1)+loadobs;
loads(i,2)=loads(i,2)+loadmod;

end
end

end
end
numero=int2str((f*freqcy));
arxiu3=strcat(’PerfLoad’,numero,extensio);
arxiu4=strcat(’PerfNonSense’,numero,extensio);

[casos,columnes]=size(contadordepurats);
formato=’%d’;
for u=2:columnes
formato=strcat(formato,’ %d’);
end
formato=strcat(formato,’\n’);

if exist(arxiu3)==2;
delete(arxiu3);

else
end
if exist(arxiu4)==2;

delete(arxiu4);
else
end

[fid, message] = fopen(arxiu3,’a’);
if fid==-1
disp (message)%Error
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else
end
fprintf(fid,’%d %d\n’,loads);
fclose(fid);

[fid, message] = fopen(arxiu4,’a’);
if fid==-1
disp (message)%Error
else
end
fprintf(fid,formato,contadordepurats);
fclose(fid);

end
toc
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A.2.3 Resampler.m

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% RESAMPLER %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% RESAMPLER. Random resample the rows of a matrix. %
% The m-file has been built for non-experienced users. %
% However, a function-like m-file is easily obtained with %
% minor changes. %
% The program randomly divides a matrix (row indexed) into %
% two subsets of data (Training and Checking sets). The proportion %
% of samples in each subset is user-defined. %
% The random sampling is repeated as many times as wanted. %
% The output is an array of files, named individually with a %
% user-defined prefix and an automatically assigned suffix, e.g.: %
% Training1.dat, Training2.dat, etc... %
% Checking1.dat, Checking2.dat, etc... %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

clear

fprintf (’\nRESAMPLER’)
fprintf (’\nby Rafael Marce (2003) <rafamarce@ub.edu>’)

entrada=input(’\n\n\nFile to resample (with extension): ’,’s’);
matriu=load (entrada);

numsamples=input(’\n\nNumber of samples in the Training set: ’);

conjunts=input(’\n\nNumber of resamplings: ’);
mostrejats=input (’\n\nFile name for the Training sets (without extension, will be .dat): ’,’s’);

remanents=input (’\n\nFile name for the Checking sets (without extension, will be .dat): ’,’s’);
tic
[casos,columnes]=size(matriu);
formato=’%d’;
for u=2:columnes

formato=strcat(formato,’ %d’);
end
formato=strcat(formato,’\n’);

for i=1:conjunts
sampling=randperm(casos);%Random rearrangement of the raw index
extensio=’.dat’;
enumeradordarxiu=int2str(i);%transforms a number into a word

arxiu=strcat(mostrejats,enumeradordarxiu,extensio);
if exist(arxiu)==2;

delete(arxiu);
else
end
[fid, message] = fopen(arxiu,’a’);
if fid==-1
disp (message)%Error
end
for j=1:numsamples
fprintf(fid,formato,matriu(sampling(j),:));
end
fclose(fid);

arxiu=strcat(remanents,enumeradordarxiu,extensio);
if exist(arxiu)==2;

delete(arxiu);
else
end
[fid, message] = fopen(arxiu,’a’);
if fid==-1
disp (message)%Error
end
for j=(numsamples+1):casos%The remaining samples form the checking set
fprintf(fid,formato,matriu(sampling(j),:));
end
fclose(fid);

end
toc
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A.2.4 acorf.m

function [ACF,stderr,lpq,qpval] = acorf(Z,N);
% Autocorrelation function
% Calculates autocorrelations for multiple data series.
% Also calculates Ljung-Box Q stats and p-values.
%
% [ACF,stderr,lpq,qpval] = acorf(Z,KMAX);
% If mean should be removed use
% [ACF,stderr,lpq,qpval] = acorf(detrend(Z’,0)’,KMAX);
%
% INPUT
% Z is data series for which autocorrelations are required
% each in a row
% KMAX is the number of autocorrelations to be calculated
%
% OUTPUT
% ACF nr x KMAX matrix of autocorrelations
% stderr nr x KMAX matrix of (approx) std errors
% lpq nr x KMAX matrix of Ljung-Box Q stats
% qpval nr x KMAX matrix of p-values on Q stats
%
% All input and output parameters are organized in rows, one row
% corresponds to one series

% Version 2.44
% last revision 19.06.1998
% Copyright (c) 1997, 1998 by Alois Schloegl
% e-mail: a.schloegl@ieee.org

% calculating lpq, stderr, qpval from
% suggested by Philip Gray, University of New South Wales,

% This library is free software; you can redistribute it and/or
% modify it under the terms of the GNU Library General Public
% License as published by the Free Software Foundation; either
% version 2 of the License, or (at your option) any later version.
%
% This library is distributed in the hope that it will be useful,
% but WITHOUT ANY WARRANTY; without even the implied warranty of
% MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
% Library General Public License for more details.
%
% You should have received a copy of the GNU Library General Public
% License along with this library; if not, write to the
% Free Software Foundation, Inc., 59 Temple Place - Suite 330,
% Boston, MA 02111-1307, USA.

[nr,nc]=size(Z);
ACF=acovf(Z,N);
ACF = ACF(:,2:N+1) ./ ACF(:,ones(1,N));

if nargout > 1

stderr=ones(nr,N)*sqrt(1/nc);
lpq=zeros(nr,N);
qpval=zeros(nr,N);

cum=zeros(nr,1);
for k=1:N,

cum=cum+ACF(:,k).ˆ2/(nc-k);
lpq(:,k)=nc*(nc+2)*cum; % Ljung box Q for k lags
qpval(:,k)=1-chi2cdf(lpq(:,k),k); % p-value of Q stat

end;
end;
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A.2.5 acovf.m

function [ACF,WACF] = acovf(Z,KMAX);
% Autocovariance function for multiple channels
% [ACF,WACF] = acovf(Z,N);
%
% Input: Z Signal (one channel per row);
% N+1 # of coefficients
% Output: ACF autocovariance function
% WACF weighted autocorrelation function

% Version 2.40
% last revision 27.04.1998
% Copyright (c) 1997, 1998 by Alois Schloegl
% e-mail: a.schloegl@ieee.org

% This library is free software; you can redistribute it and/or
% modify it under the terms of the GNU Library General Public
% License as published by the Free Software Foundation; either
% version 2 of the License, or (at your option) any later version.
%
% This library is distributed in the hope that it will be useful,
% but WITHOUT ANY WARRANTY; without even the implied warranty of
% MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
% Library General Public License for more details.
%
% You should have received a copy of the GNU Library General Public
% License along with this library; if not, write to the
% Free Software Foundation, Inc., 59 Temple Place - Suite 330,
% Boston, MA 02111-1307, USA.

[lr,lc]=size(Z);

if (nargin == 1) KMAX = lc-1;
elseif (KMAX >= lc-1) KMAX = lc-1;
end;

if (10*KMAX > lc) & (lr==1), % use fast Built-in function
ACF = filter(Z(lc:-1:1),1,Z);
ACF = ACF(lc:-1:lc-KMAX);
else

ACF=zeros(lr,KMAX+1);
for L=1:lr,

for K = 0:KMAX,
ACF(L,K+1) = Z(L,1:lc-K) * Z(L,1+K:lc)’;
% fprintf(1,’%05.1f %i %08.8f\n’,toc,K,ACF(K+1));
end;end;

end;
ACF=ACF/lc;
WACF=ACF*lc./ACF(:,ones(1,KMAX+1));
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A.2.6 kendallrank.m

function [mu,h,sig]= kendallrank (x)
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% KENDALLRANK %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% KENDALLRANK. Kendall’s rank correlation coeficient %
% The coeficient is calculated for the vector (x) and the same %
% vector but sorted. %
% Output variables are: %
% ’mu’ Kendall mu beta statistic %
% ’h’ Determine if the actual significance exceeds %
% the desired significance (0.05) %
% ’sig’ p value for trend. If <= 0.05 there is a trend %
% For details see Legendre & Legendre 1998 Numerical Ecology. %
% 2nd English edition. Elsevier Science BV, Amsterdam. %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

ordenada=sort(x);
n = length(x);
parejas=nchoosek(n,2); %Number of elements (2 a 2)
i=zeros(1,parejas);

contador=0;
for dd=1:n

for k=1:(n-dd)
contador=contador+1;%Indexing all combinations of elements
i(contador)=dd;

end
end
j=zeros(1,parejas);
contador=0;
for dd=1:n

for k=(dd+1):n
contador=contador+1;%Idem
j(contador)=k;

end
end
sdex=sign(x(i)-x(j));
sdeordenada=sign(ordenada(i)-ordenada(j)); %Calculation of S
s1=(sdex.*sdeordenada);
S=sum(s1);

clear sdex;
clear sdeordenada;
clear s1;
clear i;
clear j;

un=unique(x);
ties=zeros(1,length(un));
for index2=1:length(un)
temp=find(x==un(index2));%Tied values. As is the same series but diferently sorted, it is like a simetric contingency table
if length(temp)>1
ties(index2)=length(temp);
end
end

i=1:length(ties);
L1=(sum(ties.*(ties-1)))/2;%Calculation of L

mu= S / ((sqrt((n*(n-1)-L1)/2))*(sqrt((n*(n-1)-L1)/2)));%Calculation of Kendall mu beta

%Significance

zval=(abs(mu) * sqrt((9*n*(n-1))/(2*(2*n+5))))- sqrt(18/(n*(n-1)*(2*n+5))); %Statistic z (Legendre)

sig = 0.5 * erfc( - (zval) ./ (sqrt(2)));% the significance just found is for the tail = -1 test
if (sig > 1)

sig=1;
end
sig = 1 - sig;%Transformation for the alternative tau>0
h = 0;% Determines if the actual significance exceeds the desired significance
if sig <= .05,

h = 1;
end
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if isnan(sig),
h = NaN;

end
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A.2.7 kolmogorov.m

function [statistic, pvalue, H]=kolmogorov(x,size,dist,varargin)
% PURPOSE:
% Performs a Kolmogorov-Smirnov test that the data are from a specified distribution
%
% USAGE:
% [statistic, pvalue, H]=kolmorgorov(x,size,dist,varargin)
%
% INPUTS:
% x - A set of deviates from a garch process OR a ser of deviates suspected of having GARCH
% size - The size for the test. The test is a two tailed test with Size/2 probability in each tail.
% dist - A char string of the name of the CDF, i.e. ’normcdf’ for the normal, also use ’unifcdf’ if you want to
% only pass already probability integral transformed data to the funtion, and set the varargin at to 0,1.
% varargin - Arguements passed to the CDF, such as D.F. for a T-dist
%
% OUTPUTS:
% statistic - The KS Statistic, D=max(abs(u-i/n)) where u is the ith sorted CDF point
% pval - The asymptotic probability of signifigance
% H - 1 for reject the null that the distribution is correct, 0 otherwise
%
%
% COMMENTS:
% Note: If you want to pass in already probability inegral transformed data by the suspect distribtion
% use the uniform distribution with parameters 0 1
%
%
% Author: Kevin Sheppard
% kksheppard@ucsd.edu
% Revision: 2 Date: 12/31/2001

x=sort(x);
cdfvals=feval(dist,x,varargin{:});
n=length(x);
S=(1:n)’/n;
size=size/2;

d=max(abs(cdfvals-S));
statistic=d;
crit=kscritical(n,size);
H=statistic>crit;

k = (nˆ(0.5) + 0.12 + 0.11/nˆ(0.5))*statistic ;
tol=1;
pvalue=2*exp(-2*k*k);
s=-1;
i=2;
while tol >1e-10

old=pvalue;
pvalue=pvalue+2*s/exp(2*k*k*i*i);
i=i+1;
s=s*(-1);
tol=abs(pvalue-old);

end

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
function crit=kscritical(n,pvalue);
% This is a helper function for kolmorgorov that returns the appropriate critical value.
% Uses a table from (1956) and asymptotic values Miller(1956) JASA

if n<=100
alpha=[.1 .05 .025 .01 .005];
lookuptable= ...

[0.9000 0.9500 0.9750 0.9900 0.9950
0.6838 0.7764 0.8419 0.9000 0.9293
0.5648 0.6360 0.7076 0.7846 0.8290
0.4926 0.5652 0.6239 0.6889 0.7342
0.4470 0.5094 0.5633 0.6272 0.6685
0.4104 0.4680 0.5193 0.5774 0.6166
0.3815 0.4361 0.4834 0.5384 0.5758
0.3583 0.4096 0.4543 0.5065 0.5418
0.3391 0.3875 0.4300 0.4796 0.5133
0.3226 0.3687 0.4093 0.4566 0.4889
0.3083 0.3524 0.3912 0.4367 0.4677
0.2958 0.3382 0.3754 0.4192 0.4491
0.2847 0.3255 0.3614 0.4036 0.4325
0.2748 0.3142 0.3489 0.3897 0.4176
0.2659 0.3040 0.3376 0.3771 0.4042
0.2578 0.2947 0.3273 0.3657 0.3920
0.2504 0.2863 0.3180 0.3553 0.3809
0.2436 0.2785 0.3094 0.3457 0.3706
0.2374 0.2714 0.3014 0.3368 0.3612
0.2316 0.2647 0.2941 0.3287 0.3524
0.2262 0.2586 0.2872 0.3210 0.3443
0.2212 0.2528 0.2809 0.3139 0.3367
0.2165 0.2475 0.2749 0.3073 0.3295
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0.2120 0.2424 0.2693 0.3010 0.3229
0.2079 0.2377 0.2640 0.2952 0.3166
0.2040 0.2332 0.2591 0.2896 0.3106
0.2003 0.2290 0.2544 0.2844 0.3050
0.1968 0.2250 0.2499 0.2794 0.2997
0.1935 0.2212 0.2457 0.2747 0.2947
0.1903 0.2176 0.2417 0.2702 0.2899
0.1873 0.2141 0.2379 0.2660 0.2853
0.1845 0.2109 0.2342 0.2619 0.2809
0.1817 0.2077 0.2308 0.2580 0.2768
0.1791 0.2047 0.2274 0.2543 0.2728
0.1766 0.2019 0.2243 0.2507 0.2690
0.1742 0.1991 0.2212 0.2473 0.2653
0.1719 0.1965 0.2183 0.2440 0.2618
0.1697 0.1939 0.2154 0.2409 0.2584
0.1675 0.1915 0.2127 0.2379 0.2552
0.1655 0.1891 0.2101 0.2349 0.2521
0.1635 0.1869 0.2076 0.2321 0.2490
0.1616 0.1847 0.2052 0.2294 0.2461
0.1597 0.1826 0.2028 0.2268 0.2433
0.1580 0.1805 0.2006 0.2243 0.2406
0.1562 0.1786 0.1984 0.2218 0.2380
0.1546 0.1767 0.1963 0.2194 0.2354
0.1530 0.1748 0.1942 0.2172 0.2330
0.1514 0.1730 0.1922 0.2149 0.2306
0.1499 0.1713 0.1903 0.2128 0.2283
0.1484 0.1696 0.1884 0.2107 0.2260
0.1470 0.1680 0.1866 0.2086 0.2239
0.1456 0.1664 0.1848 0.2067 0.2217
0.1442 0.1648 0.1831 0.2047 0.2197
0.1429 0.1633 0.1814 0.2029 0.2177
0.1416 0.1619 0.1798 0.2011 0.2157
0.1404 0.1604 0.1782 0.1993 0.2138
0.1392 0.1591 0.1767 0.1976 0.2120
0.1380 0.1577 0.1752 0.1959 0.2102
0.1369 0.1564 0.1737 0.1943 0.2084
0.1357 0.1551 0.1723 0.1927 0.2067
0.1346 0.1538 0.1709 0.1911 0.2051
0.1336 0.1526 0.1696 0.1896 0.2034
0.1325 0.1514 0.1682 0.1881 0.2018
0.1315 0.1503 0.1669 0.1867 0.2003
0.1305 0.1491 0.1657 0.1853 0.1988
0.1295 0.1480 0.1644 0.1839 0.1973
0.1286 0.1469 0.1632 0.1825 0.1958
0.1277 0.1459 0.1620 0.1812 0.1944
0.1268 0.1448 0.1609 0.1799 0.1930
0.1259 0.1438 0.1598 0.1786 0.1917
0.1250 0.1428 0.1586 0.1774 0.1903
0.1241 0.1418 0.1576 0.1762 0.1890
0.1233 0.1409 0.1565 0.1750 0.1878
0.1225 0.1399 0.1554 0.1738 0.1865
0.1217 0.1390 0.1544 0.1727 0.1853
0.1209 0.1381 0.1534 0.1716 0.1841
0.1201 0.1372 0.1524 0.1704 0.1829
0.1194 0.1364 0.1515 0.1694 0.1817
0.1186 0.1355 0.1505 0.1683 0.1806
0.1179 0.1347 0.1496 0.1673 0.1795
0.1172 0.1339 0.1487 0.1663 0.1784
0.1165 0.1331 0.1478 0.1653 0.1773
0.1158 0.1323 0.1469 0.1643 0.1763
0.1151 0.1315 0.1461 0.1633 0.1752
0.1144 0.1307 0.1452 0.1624 0.1742
0.1138 0.1300 0.1444 0.1614 0.1732
0.1131 0.1292 0.1436 0.1605 0.1722
0.1125 0.1285 0.1427 0.1596 0.1713
0.1119 0.1278 0.1419 0.1587 0.1703
0.1113 0.1271 0.1412 0.1579 0.1694
0.1106 0.1264 0.1404 0.1570 0.1685
0.1101 0.1257 0.1397 0.1562 0.1676
0.1095 0.1251 0.1389 0.1553 0.1667
0.1089 0.1244 0.1382 0.1545 0.1658
0.1083 0.1238 0.1375 0.1537 0.1649
0.1078 0.1231 0.1368 0.1529 0.1641
0.1072 0.1225 0.1361 0.1521 0.1632
0.1067 0.1219 0.1354 0.1514 0.1624
0.1061 0.1213 0.1347 0.1506 0.1616
0.1056 0.1207 0.1340 0.1499 0.1608];

crit=interp1(alpha,lookuptable(n,:),pvalue);
else

A=0.09037*((-1*log10(pvalue)))ˆ(3/2) + 0.01515*(log10(pvalue))ˆ(2) - .08467*pvalue - .11143;
crit= sqrt(log(1/pvalue)/(2*n))- .16693/n - A*nˆ(-3/2);

end
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A.2.8 normcdf.m

function cdf = norm_cdf (x, m, v)
% PURPOSE: computes the cumulative normal distribution
% for each component of x with mean m, variance v
%---------------------------------------------------
% USAGE: cdf = norm_cdf(x,m,v)
% where: x = variable vector (nx1)
% m = mean vector (default=0)
% v = variance vector (default=1)
%---------------------------------------------------
% RETURNS: cdf (nx1) vector
%---------------------------------------------------

% Written by TT (Teresa.Twaroch@ci.tuwien.ac.at) on Jun 3, 1993
% Updated by KH (Kurt.Hornik@ci.tuwien.ac.at) on Oct 26, 1994
% Copyright Dept of Probability Theory and Statistics TU Wien
% Updated by James P. Lesage, jpl@jpl.econ.utoledo.edu 1/7/97

[r, c] = size(x);

if (r*c == 0)
error(’norm_cdf: x must not be empty’);
end;

if (nargin == 1)
m = zeros(r,1);
v = ones(r,1);

end;

cdf = zeros(r, 1);
cdf(1:r,1) = stdn_cdf((x(1:r,1) - m(1:r,1)) ./ sqrt (v(1:r,1)));
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A.2.9 stdncdf.m

function cdf = stdn_cdf(x)
% PURPOSE: computes the standard normal cumulative
% distribution for each component of x
%---------------------------------------------------
% USAGE: cdf = stdn_cdf(x)
% where: x = variable vector (nx1)
%---------------------------------------------------
% RETURNS: cdf (nx1) vector
%---------------------------------------------------

% written by:
% James P. LeSage, Dept of Economics
% University of Toledo
% 2801 W. Bancroft St,
% Toledo, OH 43606
% jpl@jpl.econ.utoledo.edu

if (nargin ˜= 1)
error(’Wrong # of arguments to stdn_cdf’);

end;

cdf = .5*(1+erf(x./sqrt(2)));
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A.2.10 regressr.m

function [pvalor,rquadrado]= regressr (x,y)
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% REGRESSR %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% REGRESSR. Least squares regression %
% The only output defined is the pvalue, but other outputs %
% (slope, intercept, recta, F, t statistics) can be %
% easily incorpored. %
% From Sokal & Rohlf 1995.Biometry. WH Freeman and Co. %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

diffx=x-mean(x);
diffy=y-mean(y);
prodxy=diffx.*diffy;
sumaxy=sum(prodxy);
sumaxq=sum(diffx.*diffx);
sumayq=sum(diffy.*diffy);
rq=sumaxy*sumaxy/sumaxq;
rquadrado=rq/sumayq;

slope=sumaxy/sumaxq;
intercept=mean(y)-slope*mean(x);

valors_predits = intercept + slope*x;

sq= (sum((y-valors_predits).*(y-valors_predits)))/(length(x)-2);
sb=sqrt(sq/sumaxq);

t=slope/sb; %Slope zero test....

F=tˆ2;

Ftrans = (length(x)-2) ./ ((length(x)-2) + 1 .* F);
p=1 - betainc(Ftrans, (length(x)-2)/2, 0.5 );

pvalor=1-p;



172 APPENDIX A. NEURO-FUZZY LOAD ESTIMATION

A.2.11 runsrf.m

function [tstatistic,expectedruns,nombreruns,intervalo]= runsrf(x)
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% RUNSRF %
% by Rafael Marce <rafamarce@ub.edu> %
% Written in May 2003 at the USACE Environmental Laboratory, %
% Waterways Experiment Station, Vicksburg (MS). %
% Help and software from Carlos E. Ruiz is greatly appreciated %
%=====================================================================%
% Permission is granted to modify and re-distribute this code %
% in any manner as long as this notice is preserved. %
%=====================================================================%
%-------------------------- DISCLAIMER: ------------------------------%
% This code is provided as is with no guarantees. %
%---------------------------------------------------------------------%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
% RUNSRF. Runs test for vector x %
% The output is: %
% ’t-statistic’ if t-statistic < 1.960 runs observed=runs expected %
% ’expectedruns’ expected runs in a random distribution %
% ’nombreruns’ observed runs %
% ’intervalo’ if observed runs>expected runs+intervalo=ciclyc trend%
% if observed runs<expected runs+intervalo=monotonic trend%
% For details see Sokal & Rohlf 1995.Biometry. WH Freeman and Co. %
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%

for i=1:(length(x)-1)
if x(i+1)>x(i)
runserie(i)=1;

elseif x(i+1)<x(i)
runserie(i)=-1;

else
runserie(i)=0;

end
end

noceros=find(runserie);
runlimpia=runserie(noceros);
nombreruns=1;
for i=2:length(runlimpia)

if runlimpia(i)==runlimpia(i-1)
else

nombreruns=nombreruns+1;
end

end
expectedruns=(2*length(runlimpia)-1)/3;
expectedstandesv=sqrt((16*length(runlimpia)-29)/90);
tstatistic=abs((nombreruns-expectedruns)/expectedstandesv);
intervalo=1.960*expectedstandesv;
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A.2.12 Data.dat

An extended version of this file is available in the digital support that is attached to this book.

9 36.12 0.117
23 25.44 0.101
37 19.52 0.107
51 32.24 0.128
65 28.68 0.137
79 40 0.08
100 44.4 0.117
114 22.2 0.189
128 78.15 0.084
144 34.18 0.11
170 64.5 0.091
184 34.18 0.176
200 34.18 0.108
213 34.18 0.106
233 16.84 0.127
247 20.86 0.097
261 38.06 0.134
277 18.18 0.158
291 20.19 0.183
303 14.4 0.247
326 15.5 0.273
340 11.1 0.363
352 8 0.198
368 16.84 0.338
382 11.1 0.458
396 10.55 0.44
416 6.5 0.633
444 5 0.763
487 5 0.496
506 5.5 0.502
541 10 0.333
598 5 0.174
626 5 0.667
647 5 0.545
689 3.12 0.813
786 5 0.482
802 5 0.406
815 46.6 0.127
843 19.52 0.174
871 48.8 0.189
878 41.1 0.171
898 78.15 0.187
948 9 0.446
969 14.4 0.318
997 16.84 0.208
1024 7 0.459
1053 5 0.602
1080 4.29 0.751
1115 9 0.538
1143 11.1 0.289
1171 7 0.676
1206 15.5 0.279
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A.2.13 Coninput.dat

An extended version of this file is available in the digital support that is attached to this book.

1 59.1
2 56.4
3 46.6
4 40
5 36.12
6 32.24
7 36.12
8 33.21
9 30.3
10 36.12
11 42.2
12 48.8
13 40
14 40
15 46.6
16 46.6
17 53.7
18 57.75
19 46.6
20 40
21 38.06
22 36.12
23 30.3
24 25.44
25 23.82
26 23.82
27 23.82
28 22.2
29 22.2
30 20.86
31 20.86
32 20.86
33 18.18
34 16.84
35 15.5
36 19.52
37 19.52
38 19.52
39 48.8
40 46.6
41 42.2
42 36.12
43 46.6
44 44.4
45 40
46 42.2
47 42.2
48 40
49 40
50 40
51 34.18
52 32.24







Appendix B

Cohn’s equation with a cubic fit to
time

Equation 1.1 was transformed into:

ln C =β0 +β1 ln
Q
Q′ +β2

(
ln

Q
Q′

)2
+β3 T 1

+β4 T 2+β5 T 3+β6 sin(2π T )

+β7 cos(2π T )+ ε

(B.1)

in order to have a cubic fit to time. T 1, T 2, and T 3
are the cubic polynomial for time, transformed so
that these predictor variables are orthogonal. Other
terms are as in Eq. 1.1. Cohn et al. (1992) used an
empirical orthogonalization that simplifies the nu-
merical work to identify the linear time trend from
the fitted coefficient on T (Eq. 1.1). The polynomi-
als were divided by a centering variable defined so
that polynomials were orthogonal:

T ′ = M(T )+

N
∑

i=1

(
Ti−M(T )

)3

2×
N
∑

i=1

(
Ti−M(T )

)2
(B.2)

were M(T ) is the mean of T and N the number of
cases. An analogous formula is valid for the center-
ing variable Q′ in Eq. 1.1. This result is a particu-
lar case of empirical orthogonal polynomials. Sup-
posing a vector X of n observations, we can define
a family of vectors that are functions of X (Cohn
[USGS], pers. comm. unref.):

V [0] = {1, . . . ,1} (B.3)

V [1] = X −M(X) (B.4)

V [k] = X ∗V [k−1]− M(X ∗V [k−1]∗V [k−1])
M(V [k−1]∗V [k−1])

∗V [k−1]− M(X ∗V [k−1]∗V [k−2])
M(V [k−2]∗V [k−2])

∗V [k−2] (B.5)

being M(X) the mean of X , k < n, and the symbol
∗ signifying element-by-element vector multiplica-
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tion. Vectors V [k] are orthogonal. V [2] could be ex-
pressed by simply using a centering variable, but not
V [3] (the cubic result we wanted). So, the orthogo-
nal terms T 1, T 2, and T 3 in Eq. B.1 correspond
with vectors V [1], V [2], and V [3], respectively. We
were not concerned with V [0] because we use a con-
stant in the model.







Appendix C

Fuzzy Regression as an exploratory
data analysis

We briefly detail in this Appendix some ecolog-
ical applications of the neuro-fuzzy tool developed
in Chapter 1. In this context, we named this ex-
ploratory free-model regression analysis Fuzzy Re-
gression.

EXAMPLE 1. SETAR MODEL

One of the best models proposed to explain the
Hudson’s Bay Co. data on the evolution of lynx
populations is the Self ExciTing AutoRegressive
model (SETAR):

∆X = 0.62+0.25Xt−1−0.43Xt−2 if Xt−2 ≤ 3.25

∆X = 0.25+0.52Xt−1−1.24Xt−2 if Xt−2 ≥ 3.25

The fit to observed data is very good.

The same problem can be examined with fuzzy
regression, simply taking Xt−1 and Xt−2 as indepen-
dent variables. Then we proceed as in Chapter 1,
that is, we let the Fuzzy Regression fit a collection
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Figure C.1 – SETAR results compared to Hudson’s
Bay data
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Figure C.2 – SETAR and Fuzzy Regression results
compared to Hudson’s Bay data

of functions without any prior model. The compar-
ison between the SETAR and the Fuzzy Regression
results shows that the dynamics of both models are
almost identical. Thus, we can be confident that the
SETAR model is virtually the best possible model
considering the data available.

EXAMPLE 2. CARBON GAIN AND LIGHT
AMBIENT IN Posidonia oceanica (L.) Delile

In this case we offered to Pere Renom and Dr.
Javier Romero (University of Barcelona) the possi-
bility to analyze with Fuzzy Regression their data
on carbon gain in P. oceanica from four different
stations in the Catalan coast. Note that the author
was only involved in this step of the research, which
is part of the PhD project by P. Renom. Experimen-
tal design, data collection, and ecological interpre-
tation of results should be entirely attributed to Pere
Renom and Dr. Javier Romero.

In this study the authors were interested in an-
alyzing the photosynthetic response of different
meadows of P. oceanica, in order to elucidate its
physiological adaptations in restricted light envi-
ronments. In the Fuzzy Regression the dependent
variable was the carbon gain, and the independent
variables the amount of light arriving at the water
surface (expressed as the remaining light after the
effect of cloudiness, RCLOU), and the amount of
light arriving at the meadow (expressed as the re-

maining light after the effect of turbidity, RTURB).
The results show that the four meadows have

different adaptations, expressed as different fitted
curves of carbon gain respect the light ambient.
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Figure C.3 – Non-parametric regressions relating RTURB, RCLOUD, and leaf Carbon gain for the four experi-
mental sites. Solid lines correspond to the calculated function for a particular value of RCLOUD. Some parts of
the functions were not drawn because its uncertainty was too high due to the scarcity of observed data. Both,
the number of functions plotted and their corresponding RCLOUD value are optimized by the fuzzy regression
procedure (see Marcé et al. 2004). Grey boxes depict from 10th to 90th percentile of RTURB and vertical doted
lines represent the centre of the associated distribution. r2: determination coefficient for the fuzzy regression.
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Catalunya. 751p.

Alexander, R.B., R.A. Smith, and G.E. Schwarz.
2000. Effect of stream channel size on the de-
livery of nitrogen to the Gulf of Mexico. Na-
ture 403: 758–761.

Alexander, R.B., P.J. Johnes, E. Boyer, and R.A.
Smith. 2002. A comparison of models for es-
timating the riverine export of nitrogen from
large watersheds. Biogeochemistry 57/58:
295–339.

Alexander, R.B., A.H. Elliott, U. Shankar, and G.B.
McBride. 2002b. Estimating the sources and
transport of nutrients in the Waikato River
basin, New Zealand. Water Resour. Res. 38,
1268, doi:10.1029/2001WR000878.

Anderson, M.J., and P. Legendre. 1999. An em-
pirical comparison of permutation methods for
tests of partial regression coefficients in a lin-
ear model. Journal of Statistical Computation
and Simulation 62: 271–303.

Armengol, J., M. Crespo, J.A. Morguı́, and A. Vi-
dal. 1986. Phosphorous budgets and forms of
phosphorous in the Sau reservoir sediment: an
interpretation of the limnological record. Hy-
drobiologia 143: 331–336.

Armengol, J., and A.Vidal. 1988. The use of dif-
ferent phosphorus fractions for the stimation
of the trophic evolution of the Sau reservoir.
Arch. Hydrobiol. Beih. 30: 61–70.

Armengol, J., F. Sabater, A. Vidal, and S. Sabater.
1991. Using the rescaled range analysis for the
study of hydrological records: The river Ter as
an example. Oecol. Aquat. 10: 21–33.

Armengol, J., J.C. Garcı́a, M. Comerma, M.
Romero, J. Dolz, M. Roura, B. Han, A. Vi-
dal, and K. S̆imek. 1999. Longitudinal pro-
cesses in canyon type reservoirs: the case of
Sau (N.E. Spain), p. 313–345. In G. Tundisi
and M. S̆traskraba [eds.], Theoretical reservoir
ecology and its applications. Leiden: Interna-
tional Institute of Ecology. Brazilian Academy
of Sciences and Backhuys Publishers.

185



186 REFERENCES

Arnold, J.G., and P.M. Allen. 1999. Automated
methods for estimating baseflow and ground
water recharge from streamflow records. J.
Am. Water Resour. As. 35(2), 411–424.
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Stålnacke, P., and A. Grimvall. 2001. Semipara-
metric approaches to flow normalization and
source apportionment of substance transport in
rivers. Environmetrics 12: 233–250.

Stefan, H.G., and E.B. Preud’homme.1993. Stream
temperature estimation from air temperature.
Water Resources Research 29: 27–45.

Stras̆kraba, M. 1998. Limnological differences be-
tween deep valley reservoirs and deep lakes.
Int. Rev. Hydrobiol. 83: 1–12.

Stras̆kraba M., J.G. Tundisi, and A. Duncan. 1993.
State-of-the-art of reservoir limnology and wa-
ter quality management. Hydrobiologia 504:
213–288.

Stras̆kraba, M. 1999a. Retention time as a key vari-
able of Reservoir limnology. p385–410. In
J.G. Tundisi and M. Stras̆kraba [eds], Theoret-
ical reservoir ecology and its applications. Lei-
den: International Institute of Ecology. Brazil-
ian Academy of Sciences and Backhuys Pub-
lishers.

Stras̆kraba, M. 1999b. Self-Organization, direct
and indirect effects. p29–52. In J.G. Tundisi
and M. Stras̆kraba [eds], Theoretical reservoir
ecology and its applications. Leiden: Interna-
tional Institute of Ecology. Brazilian Academy
of Sciences and Backhuys Publishers.

Stras̆kraba, M., and J.G. Tundisi. 1999. Reservoir
ecosystem functioning: theory and application,
p565–583. In J.G. Tundisi and M. Stras̆kraba
[eds], Theoretical reservoir ecology and its ap-
plications. Leiden: International Institute of
Ecology. Brazilian Academy of Sciences and
Backhuys Publishers.

Stream Solute Workshop. 1990. Concepts and
methods for assessing solute dynamics in
stream ecosystems. Journal of the North Amer-
ican Benthological Society 9: 95–119.



201

Swift Jr., L.W., W.T. Swank, J.B. Mankin, R.J. Lux-
moore, and R.A. Goldstein. 1975. Simulation
of evapotranspiration and drainage from ma-
ture and clear-cut deciduous forest and young
pine plantation. Water Resour. Res. 11(5):
667–673.

Tchobanoglous, G., F.L. Burton, and H.D. Stensel.
2003. Wastewater Engineering: Treatment and
reuse. 4th ed. Metcalff and Eddy Inc. and Mc
Graw-Hill Inc.

Thomann, R., and J. Mueller. 1987. Principles of
Surface Water Quality and Modeling. Harper-
Collins: New York.

Tomaszek, J.A., and P. Koszelnik. 2003. A simple
model of nitrogen retention in reservoirs. Hy-
drobiologia 504: 51–58.

Tonkin, M.J., and J. Doherty. 2005. A hy-
brid regularized inversion methodology for
highly parameterized environmental mod-
els. Water Resour. Res. 41, W10412,
doi:10.1029/2005WR003995.

Townsend, S.A. 1999. The seasonal pattern of
dissolved oxygen, and hypolimnetic deoxy-
genation, in two tropical Australian reservoirs.
Lakes. Reserv. Res. Manage. 4: 41–53.

Tsutakawa, R.K., and J.E. Hewett 1978. Compari-
son of two regression lines over a finite inter-
val. Biometrics 34: 391–398.

Tundisi G.J., T. Matsumura-Tundisi, and O. Rocha.
1999. Theoretical basis for reservoir man-
agement, p505–528. In J.G. Tundisi and M.
Stras̆kraba [eds], Theoretical reservoir ecology
and its applications. Leiden: International In-
stitute of Ecology. Brazilian Academy of Sci-
ences and Backhuys Publishers.

Uhlmann, D. 1998. Reservoirs as ecosystems. In-
ternational Review of Hydrobiology 83: 13–
20.

U.S. Environmental Protection Agency (USEPA).
1978. User’s manual for the Agricultural
Runoff Management (ARM) model. EPA-
823/3-78-080, U.S. Environmental Protection
Agency, Environmental Research Laboratory,
Athens, GA.

U.S. Environmental Protection Agency (USEPA).
1999. HSPFParm: an interactive database
of HSPF model parameters, Version 1.0. EPA-
823-R-99-004, U.S. Environmental Protection
Agency, Office of Water, Washington, D.C.

U.S. Environmental Protection Agency (USEPA).
2000. BASINS Technical Note 6: estimat-
ing hydrology and hydraulic parameters for
HSPF. EPA-823-R-00-012, U.S. Environmen-
tal Protection Agency, Office of Water, Wash-
ington, D.C.

U.S. Environmental Protection Agency (USEPA).
2001. Better Assessment Science Integrating
point and Non-point Sources, BASINS Version
3.0. EPA-823-H-01-001, U.S. Environmental
Protection Agency, Office of Water, Washing-
ton, D.C.

Valett, H.M., C.L. Crenshaw, and P.F. Wagner.
2002. Stream nutrient uptake, forest succes-
sion, and biogeochemical theory. Ecology 83:
2888–2901.

van der Leeden, F., F.L. Troise, and D.K. Todd.
1991. The Water Encyclopedia. Second Edi-
tion, Lewis Publishers, Chelsea, MI.
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