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The PEST Control File

Preface: The PEST Control File

For ease ofreference, variabgewithin the PEST control file are listed, together with a short
explanation of eacThisinformationis the most recent, and includes all varialbliscussed in both
this addendum and in the PEST manual itself.

pcf

* control data

RSTFLE PESTMODE

NPAR NOBS NPARGP NPRIOR NOBSGP [MAXCOMPDIM]

NTPLFLE NINSFLE PRECIS DPOINT [ NUMCOMACFILE MESSFILE

RLAMBDA1 RLAMFAC PHIRATSUF PHIREDLAM NUMLAM [JACUPDATEJLAMFORGIVE]
RELPARMAX FACPARMAX FACORIG [IBOUNDSTICK UPVECBEND]

PHIREDSWH [NOPTSWITCH][SPLITSWH] [DOAUI] [DOSENREUSE]

NOPTMAX PHIREDSTP NPHISTP NPHINORED RELPARSTP NRELPARPHISTOPTHRESH] [LASTRUN] [PHIABANDON]
ICOVICORIEIG [IRES] [JCOSAVE][VERBOSEREC] [JCOSAVEITN] [REISAVEITN] [PARSAVEITN]
* automatic user intervention

MAXAUI AUISTARTOPT NOAUIPHIRAT AUIRESTITN

AUISENSRAT AUIHOLDMAXCHG AUINUMFREE

AUIPHIRATSUF AUIPHIRATACCEPT NAUINOACCEPT

* singular value decomposition

SVDMODE

MAXSING EIGTHRESH

EIGWRITE

*Isgr

LSQRMODE

LSQR_ATOL LSQR_BTOL LSQR_CONLIM LSQR_ITNLIM

LSQRWRITE

* svd assist

BASEPESTFILE

BASEJACFILE

SVDA_MULBPA SVDA_SCALADJ SVDA_EXTSUPER SVDA_SUPDERCAMDA_PAR_EXCL
* sensitivity reuse

SENRELTHRESH SENMAXREUSE

SENALLCALCINT SENPREDWEIGHT SENPIEXCLUDE

* parameter groups

PARGPNME INCTYP DERINC DERINCLB FORCEN DRINCMUL DERMTHOSPLITTHRESH SPLITRELDIFF SPLITACTION]
(‘one such line for each of NPARGP parameter groups )

* parameter data

PARNME PARTRANS PARCHGLIM PARVAL1 PARLBND PARUBND PARGP SCALE OFFSET DERCOM
(‘one such line for each of NPAR parameters )

PARNMEPARTIED

(‘one such line for each tied parameter )

* observation groups

OBGNMHGTARG] [COVFLE]

(‘one such line for each of NOBSGP observation group )

* observation data

OBSNME OBSVAL WEIGHT OBGNME

(‘one such line for each of NOBS observations )

* derivatives command line

DERCOMLINE

EXTDERFLE

* model command line

COMLINE

(‘one such line for each of NUMCOM command lines )

* model input/output
TEMPFLE INFLE

(‘one such line for each of NTPLFLE template files )
INSFLE OUTFLE
(‘one such line for each of NINSLFE instruction files )

* prior information

PILBL PIFAC * PARNME + PIFAC * log(PARNME) ... = PIVAL WEIGHT OBGNME
(‘one such line for each of NPRIOR articles of prior information )
* predictive analysis

NPREDMAXMIN PREDNOISE

PDO PD1 PD2

ABSPREDLAMRELPREDLAM INITSCHFAC MULSCHFAC NSEARCH
ABSPREDSWH RELPREDSWH

NPREDNORED ABSPREDSTP RELPREDSTP NPREDSTP

* regularisation
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PHIMLIM PHIMACCEPT [ FRACPHIM[MEMSAVE]

WFINIT WFMIN WFMAX  [LINREG] [REGCONTINUE]

WFFAC WFTOL IREGADJ [NOPTREGADJ REGWESHTRAT[REGSINGTHRESH]]
* pareto

PARETO_OBSGROUP

PARETO_WTFAC_START PARETO_WTFAC_FIN NUM_WTFAC_INC
NUM_ITER_START NUM_ITER_GEN NUM_ITER_FIN

ALT_TERM

OBS_TERMABOVE_OR_BELOWBS_THRESH NUM_ITER_THRESHonly if ALT_TERM is non - zero )
NOBS_REPORT

OBS_REPORT_10BS_REPORT2 OBS_REPORT_3. (NOBS_REPORT items)
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Vari abl es Acontrol datao section of
Variable Type Values Description
RSTFLE text firestart o or |instructs PEST whether to write restart data
PESTMODE text it i mati ono, PEST6 s mo dperationf
firegul arifsmar
NPAR integer | greater than zero number of parameters
NOBS integer | greater than zero number of observations
NPARGP integer | greater than zero number of parameter groups
NPRIOR integer | any integer value absolute value is number of prior information
equations; negative value indicates supply of
prior information in indexed format
NOBSGP integer | greater than zero number of observation groups
MAXCOMPDIM integer | optional; zero or greater number of elements in compressed Jacobian
matrix
NTPLFLE integer | greater than zero number of template files
NINSFLE integer | greater than zero number of instruction files
PRECIS text fisingled or format for writing parameter values to model
input files
DPOINT text fipoint o or f| omitdecimal pointin parameter values if possible
NUMCOM integer | optional; greater than number of command lines used to run model
zero
JACFILE integer | optional; zero or one indicates whether model provides external
derivatives file
MESSFILE integer | optional; zero or one indicates whether PEST writes PEST-to-model
message file
RLAMBDA1 real zero or greater initial Marquardt lambda
RLAMFAC real positive or negative, but dictates Marquardt lambda adjustment process
not zero
PHIRATSUF real between zero and one fractional objective function sufficient for end of
current iteration
PHIREDLAM real between zero and one termination criterion for Marquardt lambda search
NUMLAM integer | one or greater maximum number of Marquardt lambdas to test
JACUPDATE integer | optional; zero or greater activation of Broydenods
procedure
LAMFORGIVE text il amfor gi v e 0| treat model run failure during lambda search as
finol amf or gi v| highobjective function
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RELPARMAX real greater than zero parameter relative change limit

FACPARMAX real greater than one parameter factor change limit

IBOUNDSTICK integer | optional; zero or greater instructs PEST not to compute derivatives for
parameter at its bounds

UPVECBEND integer | optional; zero or one instructs PEST to bend parameter upgrade
vector if parameter hits bounds

PHIREDSWH real between zero and one sets objective function change for introduction of
central derivatives

NOPTSWITCH integer | optional; one or greater iteration before which PEST will not switch to
central derivatives computation

SPLITSWH real optional; zero or greater the factor by which the objective function rises to
invoke split slope derivatives analysis until end of
run

DOAUI text flayi @ aari didn o { instructs PEST to implement automatic user
intervention

DOSENREUSE text fisenr euse 0 o] instructs PEST to re-use parameter sensitivities

finosenreuseo
NOPTMAX integer -2, -1, 0, or any number number of optimisation iterations
greater than zero

PHIREDSTP real greater than zero relative objective function reduction triggering
termination

NPHISTP integer | greater than zero number of successive iterations over which
PHIREDSTP applies

NPHINORED integer | greater than zero number of iterations since last drop in objective
function to trigger termination

RELPARSTP real greater than zero maximum relative parameter change triggering
termination

NRELPAR integer | greater than zero number of successive iterations over which
RELPARSTP applies

PHISTOPTHRESH real optional; zero or greater objective function threshold triggering termination

LASTRUN integer | optional; zero or one instructs PEST to undertake (or not) final model
run with best parameters

PHIABANDON real or | optional objective function value at which to abandon

text optimisation process or filename containing

abandonment schedule

ICOV integer Zero or one record covariance matrix in matrix file

ICOR integer | zero or one record correlation coefficient matrix in matrix file

IEIG integer | zero or one record eigenvectors in matrix file
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IRES integer | zero or one record resolution data
JCOSAVE text fi j ¢ o s afivneodj coors| Save best Jacobian file as a JCO file -
overwriting previously-saved files of the same
name as the inversion process progresses.
VERBOSEREC text fiverboserecol|lf set t o fpamweterand ser ec
finover boser el observation data lists are ommitted from the run
record file.
JCOSAVEITN text fij cosavei tno| Write current jacobian matrix to iteration-specific
finoj cosavei t|JCOfileatthe end of every optimisation iteration.
REISAVEITN text firei savei tno]| Storebestit residuals to iteration-specific
finor ei savei t|residuals file at end of every optimisation
iteration.
PARSAVEITN text fipar saveitno| Storeiteration specific parameter value file.
finoparsaveit
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Vari abl es i optional i a iort obAE&T condrol fies e r
Variable Type Values Description
MAXAUI integer | zero or greater maximum number of AUI iterations per
optimisation iteration
AUISTARTOPT integer | one or greater optimisation iteration at which to commence AUI
NOAUIPHIRAT real between zero and one relative objective function reduction threshold
triggering AUI
AUIRESTITN integer | zero or greater, but not AUI rest interval expressed in optimisation
one iterations
AUISENSRAT real greater than one composite parameter sensitivity ratio triggering

AUI

AUIHOLDMAXCHG integer | zero or one instructs PEST to target parameters which
change most when deciding which parameters to
hold

AUINUMFREE integer | greater than zero cease AUl when only AUINUMFREE parameters
are unheld

AUIPHIRATSUF real between zero and one relative objective function improvement for
termination of AUI

AUIPHIRATACCEPT | real between zero and one relative objective function reduction threshold for
acceptance of AUIl-calculated parameters

NAUINOACCEPT integer | greater than zero number of iterations since acceptance of

parameter change for termination of AUI

nterv
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Variables in optional Asingular value decomp
Variable Type Values Description
SVDMODE integer | zero or one activates truncated singular value decomposition

for solution of inverse problem
MAXSING integer | greater than zero number of singular values at which truncation

occurs
EIGTHRESH real zero or greater, but less eigenvalue ratio threshold for truncation

than one

EIGWRITE integer | zero or one determines content of SVD output file
Variables in optional ALSQRO section of PEST
Variable Type Values Description
LSQRMODE integer | zero or one activates LSQR solution of inverse problem
LSQR_ATOL real zero or greater LSQR algorithm atol variable
LSQR_BTOL real zero or greater LSQR algorithm btol variable
LSQR_CONLIM real zero or greater LSQR algorithm conlim variable
LSQR_ITNLIM integer | greater than zero LSQR algorithm itnlim variable
LSQR_WRITE integer | zero or one instructs PEST to write LSQR file
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Vari ables inaeptsbonabedVbn of PEST control

Variable Type Values Description

BASEPESTFILE text a filename name of base PEST control file

BASEJACFILE text a filename name of base PEST Jacobian matrix file

SVDA_MULBPA integer Zero or one instructs PEST to record multiple BPA files

SVDA_SCALADJ integer -4t04 sets type of parameter scaling undertaken in
super parameter definition

SVDA_EXTSUPER integer 0,1,2,-2,3 sets means by which super parameters are
calculated

SVDA_SUPDERCALC | integer zero or one instructs PEST to compute super parameter
sensitivities from base parameter sensitivities

SVDA_PAR_EXCL integer 0,1or-1 if set to 1, instructs PEST to compute super
parameters on basis only of observation group
in base parameter PEST control file to which
pareto-adjustable weighting is assigned in super
parameter PEST control file. If set to -1 all
groups other than this form basis for super
parameter definition.

Variabl es i n optuisoenoals eficste nosni toifviPtEy]STr econt r o |

Variable Type Values Description

SENRELTHRESH real zero to one relative parameter sensitivity below which

sensitivity re-use is activated for a parameter
SENMAXREUSE integer integer other than zero maximum number of re-used sensitivities per
iteration
SENALLCALCINT integer | greater than one iteration interval at which all sensitivities re-

calculated

SENPREDWEIGHT real any number weight to assign to prediction in computation of
composite parameter sensitivities to determine
sensitivity re-use

SENPIEXCLUDE test flyeso or #fin include or exclude prior information when

computing composite parameter sensitivities to
determine sensitivity re-use
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Variables required for each parameter group
control file.

Variable Type Values Description

PARGPNME text 12 characters or less parameter group nhame

INCTYP text irel ativeo, method by which parameter increments are
firel _to_max o] calculated

DERINC real greater than zero absolute or relative parameter increment

DERINCLB real zero or greater absolute lower bound of relative parameter

increment

FORCEN text fiswitcho, fi a | determines whether central derivatives
filal wa ystcB 60 , | calculation is undertaken, and whether three
falways_50 points or four points are employed in central

derivatives calculation

DERINCMUL real greater than zero derivative increment multiplier when undertaking
central derivatives calculation

DERMTHD text fiparabol i c 0, | method of central derivatives calculation
fibest fimtova
Aimaxpreco

SPLITTHRESH real greater than zero (or zero | slope threshold for split slope analysis
to deactive)

SPLITRELDIFF real greater than zero relative slope difference threshold for action

SPLITACTION text text fismall er o, fzeroo or fp
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Variables required for each parameter
file.
Variable Type Values Description
PARNME text 12 characters or less parameter name
PARTRANS text il ogo, finone| parameter transformation
itiedo
PARCHGLIM text irel ati veo o] typeofparameterchange limit
PARVAL1 real any real number initial parameter value
PARLBND real less than or equal to parameter lower bound
PARVAL1
PARUBND real greater than or equal to parameter upper bound
PARVAL1
PARGP text 12 characters or less parameter group name
SCALE real any number other than multiplication factor for parameter
zero
OFFSET real any number number to add to parameter
DERCOM integer | zero or greater model command line used in computing
parameter increments
PARTIED text 12 characters or less the name of the parameter to which another
parameter is tied
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Variables required for each observation grou
control file.

Variable Type Values Description

OBGNME text 12 characters or less observation group name

GTARG real positive group-specific target measurement objective
function

COVFILE text a filename optional covariance matrix file associated with
group

Variables required for each observation in i

file.

Variable Type Values Description

OBSNME text 20 characters or less observation name

OBSVAL real any number measured value of observation

WEIGHT real zero or greater observation weight

OBGNME text 12 characters or less observation group to which observation assigned
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Variables in optional Aderivatives
Variable Type Values Description

DERCOMLINE text system command command to run model for derivatives calculation
EXTDERFLE text a filename name of external derivatives file

Vari ables in Aimodel command | ineo sect
Variable Type Values Description

COMLINE text system command command to run model
Variables in fimodel i nput/ outputo sect
Variable Type Values Description

TEMPFLE text a filename template file

INFLE text a filename model input file

INSFLE text a filename instruction file

OUTFLE text a filename model output file

command

on

on

of

of
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on

Variables in dAprior nf ormationod sect.i
Variable Type Values Description
PILBL text 20 characters or less name of prior information equation
PIFAC text real number other than parameter value factor
zero
PARNME text 12 characters or less parameter name
PIVAL real any number fobserved valueo of pri
WEIGHT real zero or greater prior information weight
OBGNME text 12 characters or less observation group name

of
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Vari abl es i optional Apredictive

Variable Type Values Description

NPREDMAXMIN integer | -lorl maximise or minimise prediction

PREDNOISE integer | Oorl instructs PEST to include predictive noise in
prediction

PDO real greater than zero target objective function

PD1 real greater than PDO acceptable objective function

PD2 real greater than PD1 objective function at which Marquardt lambda
testing procedure is altered as prediction is
maximised/minimised

ABSPREDLAM real zero or greater absolute prediction change to terminate
Marquardt lambda testing

RELPREDLAM real zero or greater relative prediction change to terminate Marquardt
lambda testing

INITSCHFAC real greater than zero initial line search factor

MULSCHFAC real greater than one factor by which line search factors are increased
along line

NSEARCH integer | greater than zero maximum number of model runs in line search

ABSPREDSWH real zero or greater absolute prediction change at which to use
central derivatives calculation

RELPREDSWH real zero or greater relative prediction change at which to use central
derivatives calculation

NPREDNORED integer | one or greater iterations since prediction raised/lowered at
which termination is triggered

ABSPREDSTP real zero or greater absolute prediction change at which to trigger
termination

RELPREDSTP real zero or greater relative prediction change at which to trigger
termination

NPREDSTP integer | two or greater number of iterations over which ABSPREDSTP

and RELPREDSTP apply

anal ysi so
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Vari abl es optional Aregul ari sationo
Variable Type Values Description
PHIMLIM real greater than zero target measurement objective function
PHIMACCEPT real greater than PHIMLIM acceptable measurement objective function
FRACPHIM real optional; zero or greater, set target measurement objective function at
but less than one this fraction of current measurement objective
function
MEMSAVE text fimemsaveo or activate conservation of memory at cost of
finomemsaveo execution speed and quantity of model output
WFINIT real greater than zero initial regularisation weight factor
WFMIN real greater than zero minimum regularisation weight factor
WFMAX real greater than WFMAX maximum regularisation weight factor
LINREG text ilinregd or il informs PEST that all regularisation constraints
are linear
REGCONTINUE text fificonti fhome © o0 o | instructs PEST to continue minimising
regularisation objective function even if
measurement objective function less than
PHIMLIM
WFFAC real greater than one regularisation weight factor adjustment factor
WFTOL real greater than zero convergence criterion for regularisation weight
factor
IREGADJ integer 0,1,2,3,40r5 instructs PEST to perform inter-regularisation
group weight factor adjustment, or to compute
new relative weights for regularisation
observations and prior information equations
NOPTREGADJ integer 1 or greater the optimisation iteration interval for re-
calculation of regularisation weights if IREGADJ
isdor5
REGWEIGHTRAT real absolute value of 1 or the ratio of highest to lowest regularisation
greater weight; spread is logarithmic with null space
projection if set negative
REGSINGTHRESH real less than 1 and greater singular value of X'QX (as factor of highest
than zero singular value) at which use of higher
regularisation weights commences if IREGADJ
is setto 5
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Vari abl es

i n

opt.i

onal

Apar et oo

section

Variable

Type

Values

Description

PARETO_OBSGROUP

text

12 characters or less

name of observation group whose weights
are subject to multiplication by a variable
weight factor

PARETO_WTFAC_START

real

zero or greater

initial weight factor for user-specified
observation group

PARETO_WTFAC_FIN

real

greater than
PARETO_WTFAC_START

final weight factor for user-specified
observation group

NUM_WTFAC_INT

integer

greater than zero

number of weight factor increments to
employ in traversing Pareto front

NUM_ITER_START

integer

zero or greater

number of optimisation iterations to
employ when using intial weight factor

NUM_ITER_GEN

integer

greater than zero

number of optimization iterations to
employ when using any weight factor
other than PARETO_WTFAC_START or
PARETO_WTFAC_FIN

NUM_ITER_FIN

integer

zero or greater

number of optimization iterations to
employ when using final weight factor

ALT_TERM

integer

Zero or one

set to one in order to activate PEST
termination determined by value of a
specified model output

OBS_TERM

text

20 characters or less

the name of an observation cited in the
ffobservation datao
control file whose value will be monitored
for possible PEST run termination

q

ABOVE_OR_BELOW

text

ffaboveodo or

determines whether the monitored model
output must be above or below the
threshold to precipitate run termination

OBS_THRESH

real

any number

value that monitored model output must
exceed or undercut to precipitate model
run termination

ITER_THRESH

integer

Zero or greater

the number of optimization iterations for
which the model output threshold must be
exceeded or undercut to precipitate run
termination

NOBS_REPORT

integer

0 or greater

number of model outputs whose values to
report

OBS_REPORT_N

text

20 characters or less

the name of tvhtien wkdse h
value is reported in the POD and PPD
files written by PEST when run in fi @retoo
mode

of

P E
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Introduction

1. Introduction

This document describes alteoms to PEST that have been raasince publication of the
fifth edition of the manual. Publication dhfis edition of the manual coincided with the
release of versiof.0 of PEST. Hence all alterations documented herein pertain to versions
later than that.

Of particular importance are additions to PEST functionality, and additions to the PEST
utility suite, that implement improved regularised inversion and model predictive error
variance analysis.

The author would like to point out that he is aware of the fact that when an addendum to a
manual grows to a size that is nearly as large as theahéself, it is time to write a new
edition to the manual. This will take place in the near futurefact, there will be two
manualsia fibegi nners manual 0 and an fAadvanced
There are many things | would like to,dand this is surely one of therilowever in the
meantime the user can perhaps remind him/herselttitsahconveniences part of the price

that must be paid for the fact that PEST is in the public domain.

While, for the author, the making of improvengeito PEST and its utility suite is largely a
labour of love,it must bepointed out thatl have had financial help for certain, important,
aspects of this work. | would particularly like to acknowledge the following.

1 Work related to inclusion adhe LSQR solverin PEST,and tocalibrationconstrained
Monte Carlo analysisyas supported by a contract with Boise State University under
EPA Grant X960046010. This contract also supported the development of software
to implementan interface between PEST atite adjoint process of MODFLOW
2005developed by Tom Clemaf Boise State University (see the manual to the PEST
Groundwater Data Utilities for more details).

1 Support from S. S. Papadopulous and Assceiatgratefully acknowledged.
So too, is support fra EMSI.

1 The INFSTAT utility documented herein was written under contract to the Madison,
WI, office of USGS.

1 Help in development of the JACTEST utility anfithe CMAES_P global optimizer
was provided by Los Alamos National Laboratory and South FloridaeiWa
Management District.
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2. Alterations and Upgrades to PEST

2.1 New Restart Option

Execution of PEST can now be recommenced with four different switthese o f t he n
A/jo and fA/so0 switches is documented in the
switch.

/

The A/ dodo switch has a similar role to the e

be used to recommence Parallel PEXEcuion at the same model run in which it was
previously interrupted, if interruption took place during calculation of the Jacobian nifatrix.
Parallel PEST exaition was iterrupted during the Marquardarhbda testing procedure
however, restarting PEST withte f/ slkia ss wihtec same ef fect as re
switch; that is, PEST is restarted at thaintin its previous run at which calculation of the
Jacobian matrix was just completed.

C
<

If PESTisruninnomp ar al | el mode, then it cannot be re
itcanberest arted with the A/ do swi t-gtatingaParalelef f ec

PEST run with the A/ s0O switch.
Note the following important pointsepr t ai ni ng t o PESTO0s restart

S

1. Paral | el PEST cannot be restarted with th

2. NonPar al l el PEST cannot be restarted with
3. A previously stopped Parallel PEST run can be restarted afaratiel PESTor

~

Parallel PEST using either the A/ro or @/

4. A previously stopped neRarallel PEST run can be restarted as Parallel PEST using
ei themofidhjeo Aigwitches.

5. A previously stopped Parallel PEST run cannot be restarted aRamatlel PEST
with the A/ sd switch.

6. A previously stopped neRarallel PEST run cannot be restarted as Parallel PEST
with the A/do switch.

The reader is probably wondering at this st
same effect, they cannot be used intergeably between Parallel and nParallel PEST.

The reason is that run management is very different between these two versions of PEST. For
Parallel PEST, runs are not necessarily undertaken in seqénceesults in the restart file

are also not storedhisequence. For nearallel PEST, the restart file does not hold run
results; rather it holdgdgments of the Jacobian matrixhi§ can save considerably on file

storage when central differences are used for derivatives calculation. Also, this restart
methodology is more easily combined with external derivatives calculatidims being

available only in the neRarallel version of PEST at present.

It is freely admitted however, that an-plirpose run manager is needed. This, hopefully, will
be one an daome of future PEST developmeAtt t hat st age the #A/so
be combined.

a
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2.2 Template and Instruction File Headers

The first line of a template file must be:
ptf #

where fA#0 can be repl aced b ydefmitiog of apatamater c h ar a
delimiter. Aptfo stands for APEST templ ate f

The first line of an instruction file must be:
pif #

where A#0 can be replaced by any other c ha
del i miter. PRHSTidsthc sit@amdfsi fFe®o. A

PEST and its checking utilities now alleavl t er nat i ve headers for t#h
AJUPI TER template filegandanj beoubkedr i nJPPlaT
filed) can be used in place of f#Apifo.

2.3User Intervention

The fAparameter hold filed can be useBy t o hec
stopping and restarting PEST wusing the @/ jc
calculate the parameter upgrade vector with troublesome parateet@orarilydeactivated.

As is explained in the PEST manual, the parameter hold file can be used not just for holding
parameters fixed, but also for altering the values of certain control variables. At the time of
writing, control variables for which #iight alterdions are allowed are LAMBDA,
RELPARMAX, FACPARMAX and UPVECBEND.

Five new control variables can now be altered through the parameter hol@Hdse all
pertain to the predictive analysis process. They are INITSCHFAC, MULSCHFAC,
NSEARCH, RELPREDSTP andBSPREDSTP.

The first three of these variables govern operation of the line search procedure used in
prediction maximisation/minimisatio@n many occasions, use of this procedure is critical to
the success of the maximisation/minimisation process. Contrary to advice initially supplied
with PEST documentation, it is often best to start this procedure with a low INITSCHFAC
value (for example0.2). However if it is set too low, this can result in wasted model runs.
Similarly, MULSCHFAC may need to be set lower than 2.0 for highly nonlinear ¢ages

as low as 1.3)As this may require increased runs per line search, NSEARCH may need to be
sethigher than normal.

It is not explained in the PEST manual that termination criteria for the line search are the
same as those for termination of the predictive analysis process as defined by the
RELPREDSTP and ABSPREDSTP variables. (Actually, the limecbeprocedure follows a
complex algorithm in which both the objective function and prediction value are monitored,
with the former often expected to fall and then rise along the path of the search; hence there
are, in fact, a number of other terminationteria required for implementation of this
algorithm). It has been found from experience thadifiicult problems, RELPREDSTP and
ABSPREDSTRmayneed to be set quite low. This will be particularly important where small
predictive uncertainty exists inlarge predictive number (in which case the absolute, rather
than the relative, termation criterion should be used), especially where line search
increments are chosen to be small for better accommodation of nonlinear models.
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New values for the above lietive analysis controlariablescanbe supplied through the
parameter hold file in the same way as for other variables.following figureshows a file
in which new values are provided for all of them.

As discussed in the PEST manual, the parameter flile must benamedcasehld where
caseis the filename base of the pertinent PEST control file. The hold file is read just after
calculation of the Jacobian matrix and just before calculation of parameter updtades.
very important that a parameter hold file be deleted after use; this will prevent its contents
being inadvertently used on a subsequent PEST run.

initschfac 0.2
mulschfac 1.5
relpredstp 1.0e -4
abspredstp 0.00

Example of a parameter hold file.

2.4 Improvements to the Predictive Analyses s Li ne Sear ch

Considerable improvements have been made tcC
predictive aalyser.Recall from the PEST manual thenplementation of a line search to find

the highest/lowest prediction for which the objective function is at or lower than the user
supplied limitis optional it is implemented only if NSEARCH is set to a number greater than

1. It has been found, however, that wuse of
find the maximunminimum constrained predictive value, especially in difficult numerical
circumstance such ashose that prevaivhere parameters al@ge in number and ateghly
correlatedThe line searcllgorithm implemented by PES3 actuallyquite complicated, for

not only does PEST need to monitor the value of the prediction as it travelsaat@ntin
parameter trajectoryit must also monitor the value tifie objective function as well. rO

many occasions #hobjectivefunction may actually fall before it rises to PDO (the user
defined objective function limit) when travellimjong theparaneter upgraddine from the

current set of parameter valuesatpotential new set of values.

It has been found that in those situations where numerical complexity dictateslithat
search is warranted, it is worth doing this line search thoroughlypfiimise the efficacy of
this search, the following settings are suggested.

1 Set INITSCHFAC (initial line search factor) to 0.2 or ;&Rus the line search begins
at a point on the potential parameter upgrade line which is not too far from current
parametevalues.

Set MULSCHFAC (line search factor multiplidsgtweernl.3and 1.7
Set NSEARCH (maximum number of model runs devoted to the line search) to 15.
Set PD1 quite close to PDO, maybe odlg®6 or less higher.

Set ABSPREDSTP and RELPREDSTP reasondlgiit. (These are actually the
termination criteria for the predictive analysis process; one tenth of these values is
also used for termination of the line search.)

= =2 =4 =

9 Start the predictive analysis process from optimised parameter values (for which the
objectve function is less than PDO).
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Because the line search is repeated for every different value of the Malgunaivda tested,

it can consume an inordinate number of model rudnsignificant Marquardt dmbda
adjustment is warranted. Code has been insearittih PEST that aims to reduce the number
of line search rungsequiredwhen testing Marquardambdasafter the firston any one
optimisation iterationNevertheless, any savings that can be made in reducing trial Marquardt
lambdaswill result in increase efficiency. Thus after you have had experience with using the
predictive analyser on your particular task, you may wish to consiekting the initial
Marquardt &ambda (RLAMBDAZ1) lower or higher than you normally would, if this is where
PEST seems to efer its value to beAlternatively, set NUMLAMto 1, so that only 1
Marquardt &ambda is employed per optimisation iteration; if this strategy is adopted it is
probably good practice toy a very low value for RLAMBDAL, maybe in the vicinity of
0.01 to 0001 (or even zerg)and to start the predictive analysis process from previously
optimised parameter values.

While conducting a line search is a very tig@nsuming activity, experience has shown that
it can be worth the effort in many circumstanaes sometimes quite surprising how high or
low calibratiorrconstrained predictionsan be The cosbof finding these extreme predictigns
however,can beparticularly high when using Parallel PEST to undertake the predictive
analysis process, because while Jacobian aumparallelised, line search runs are not. It is
planned, however to partially parallelise this process in the future.

2.5 Switch to Three-Point Derivatives Calculation

A new variable has been introduced to the a
order to provide more flexibilityo the way in whichPEST choosegor not) to switch to
central derivatives calculation.

The eighth line of the PEST control file mssipply a value for theHIREDSWHyvariable;

this is the first (and optionally the only) variable on this lifié&zORCEN for any parameter
group is set to Aswitcho, P E S Tationvonlthe firstwi t ¢ h
occasionon which the relative objective function improvement is less than PHIREDSWH.
Thus, for example, if PHIREDSWH is set to 0.1 (which is its suggestied), andif, at the

end ofany particular optimisation iteratiothe new objective function is greater than 90% of
the objective functionat the beginning of the iteratiplPEST will employ threepoint
derivatives calculatiofor the remainder of the optimisation proce&s a result of this, up to
twice as manymodelruns per iteration will be requidefor filling of the Jacobian matrix.
With more accurately calculated derivatives, PEST will often fair better in lowering the
objective function further, especially in contexts where parameter insensitivity or correlation
creates an ill-conditioned normal matrix.

There are ti mes, however, where PEST Atrips
increased derivatives accuracy is really needéus can occur, for example, where some
parameters need to change a gre=l dbefore they can effect a noticeable lowering of the
objective function, but they are prevented from doing so (or prevent other parameters from
doing so) because of the action of the parameter upgrade linagngpblesRELPARMAX

and FACPARMAX. In casefike this, model run efficiency woulte better served ithe
parameter estimation processrecontinued with forward difference derivatives calculation
until the offending parameter(spvemoved a sufficient distance in parameter space for their
effect on the objective function to be noticeable, or for PEST not to have to limit their
movement (and with it the movement of other parameterg)rder to curtailexcessive
parameter variations within the one iteration (an often necessary measure for dreigmev
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of instability in highly nonlinear caseshhstead, the premature introduction of central
derivatives calculation simply increases the number of model runs required for completion of
the parameter estimation process, with no bemlefits to this mrcess being incurred from
threepoint derivatives calculatiomom having been introducesbearly.

A new variable named NOPTSWITCH may now optionally follow PHIREDSWH on the

eighth line of the PEST control filéf. supplied, this must be anteger equal to 1 or greater.

If it is greater than 1, PEST will not switch to central derivaticakulationuntil the
NOPTSWI TCH6th i1iteration at | east, as | ong as
optimisation iteration. If the objectivaifiction does, in fact, rise, then the NOPTSWITCH

setting isoverriddenand PEST switches to thrpeint derivatives calculation.

If the optional DOAUI variable is supplied on the eighth line of the PEST control file it must
follow NOPTSWITCH, if NOPTSWITCHis also supplied.f NOPTSWITCH is not
supplied, it must simply follow PHIREDSWH.

2.6 SVDAssist Super Parameter Definition

Recall from the PEST manual that the SVDAPREP utility writes a PEST control file in which
super parameters are defined which ¢entbe used for S\VHassisted parameter estimation.

In writing this file, SVDAPREP transferdeervations and observation weigtiectly from

the baseparametePEST control file to theew superparametePEST control file.When

PEST then commences an B\ssisted parameter estimation run, it undertakes singular
value decomposition of th&'QX matrix in order to define the linear combination of base
parameters which comgis each super parameter. Singular value decomposition and super
parameter definition is only then repeated if a base parameter hits its bountadkat
parameter then remains at its bound while the super parameter estimation process iproceeds
order to esimate other base parameters.

In versions of PEST prior to 9.2, singular value decomposition for the purpose of super
parameter definition took place on the basis of base parameters defined in the base parameter
PEST control file, and observations and wesgtefined in the super parameter PESmtrol

file. Under normal circumstances, observations and weights defined in the super parameter
control file are the same as those defined in the base parameter control file. Himwever
versions of PEST from 9.2 wmards,the user has the option of altering observations and
weights defined in the super parameter control &lece this file has been built by
SVDAPRER Furthermore,super parameter definitionow takes place orthe basis of
observations and weightsoniined inthe original base parameter control file. Hence
parameter estimatioteantake place on the basis of a newaebbservations and/or weights,
different from those used for definition of super parameters

There may be some situations where thditglib undertake super parameter definition on

the basis of one set of observatiarsd weightsand parameter estimation on the basis of
another is important. For example, a simple but important instance where thigrovay

useful is where a covariance matrix is supplied for super parameter estimation based on the
observation correlation structure induced by using super parameters. As discussed by Cooley
(2009 and by Moore and Doher(006) all forms of regularisatioror parameter averaging

l ead to a corr el astredurelf inie desined teaBoeauritbe talemofs e

this noise structuren the parameter estimation proce$/DAPREP can beused for
generation of the super parameter PEST controirfitbe usual fashionThen a appropriate
covariance matribcan besupplied for the observations contained in that ewever f
individual weights, rather than a cowate matrix,areused in the base PEST control file,
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super parameter definition takeplace on the basis of the individual weights, while
estimation ofsuperparameters (and hence indirectly of base parameters) ke using a
covariance matrix which best charactedmrizes
more complexmodelling camtexts the number namesand types of observations can be
different in the super parameter PEST control file from those contained in the base parameter
PEST control file.

The following points must be born carefully in mind when using PEST for -884sted
parameter estimation.

1. When PEST commences a super parameter estimation run by umdesiakjular
value decomposition on the basis of observations and weights contained in the base
PEST control file, it includes all observations and prior information equations defined
in the base PEST control file in formulation of tematrix if PESTMODE isset to
Aest i mat i o Haveverif, intthe base PES$TIcantrol file, PESTMODE is set
to Aregul arisationo, then observations a
regularisation groupsare excluded from this matrix. If PESTMODE is set to
Aprdi cti ondo i n t he,thb sok enenddt 8f The abservationatoupf i | e
A pr eidalsodxauded from thX matrix.

2. If prior information is used in the base PEST control file, but prior information
sensitivities are not available from the cepending Jacobiamatrix file, PEST will
simply not use sensitivities pertainibgthat prior informationin the formulation or
super parametergThis can occur when initial base parameter sensitivities were
calculated using SVD without prior informatiam an attempt to evaluate a suitable
number of base parameters to empl®ee the PEST manual for details.)

3. While covariance matrices can be supplied &ory or all observation and prior
informationgroupsin the super parameter PEST control file, a ciewece matrixcan
only be supplied forobservation and prior information groups whose names begin
wi t h frrtieegbask BEST control filand then only if PESTMODE is set to
Aregul ari sationo.

2.7 SVD-Assist: Multiple Parameter Value Files

The SVDassist section of the PEST control flew has an optional third line; this line
contains control variables which can govern the operation of certain aspects of the SVD
assisted parameter estimation proceBse name ofthe first variable on thidine is
SVDA_MULBPA. The figure below shows an example of the S&43ist sectioof a PEST
control filewith the extra new line containiranly this variable.

* svd assist
templ.pst
templ.jco

1

The SVD-Assist section of a PEST control file.

SVDA_MULBPA can be set to either 0 or 1. If it is set to 1, then not just one, but a series of
ABPA fileso will be recorded during the course of the parameter estimation process. Recall
that afBPA filed contains best base parameter estimates at any sfatje parameter
estimation process; at the end of the parameter estimation process it contains best base
parameters achieved throughout the entire process. Recall also that the filename base of the
BPA file is that of the base parameter PEST control rikg,the super parameter control file
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through which parameter estimation actually takes place.

With SVDA_MULBPA set to 1, PEST records two BPA files on every occasion that base
parameter values are improved. The first of these files is the normal BPRA#eecond has
the same name, but with an extension of #A. NO
iteration number in which the base parameters recorded therein were achieved. Thus if, for
example, the filename base of a base PEST control filasg then at the conclusion of the
parameter estimation process BPA files naibbase.bpa, base.bpa.l, base.bpet@ will be
present within the current working directory. The first of these contains the overall best base
parameters achieved through thargmeter estimation process. The others contain base
parameter values achieved during the indicated optimisation iterations. Note that not all
optimisation iterations will beepresentedn this sequencé only those iterations will be
represented where @& parameters are improved from those previously achieved during the
current parameter estimation process.

To accommodate this new option, the SVDAPREP utility has one extra prompt. viz:
Write multiple BPA files? [y/n] (<Enter> if "n")

As is apparent, fh  d e f a u (and SVBA_ MULBRPA is thus set to zerdgaving PEST
operation unchanged from previous versions.

2.8 SVD-Assist: Improved Handling of Untransformed
Parameters

2.8.1 General

Problems can arise when l@gnsformed and untransformed parameters are simultaneously
estimated using SViassist. They are an outcome of the fact thatlagsformed parameters

can have vastly different sensitivities from those of untransformed paramigtdact the

latter can have vastly different sensitivities from those of other untransformed parameters.
PEST has internal numerical means of accommodating the estimation of parameters of vastly
differing sensitivity. However special considerationsanvhen implementing S\VBssisted
parameter estimation. This section describes those considerations, and the functionality that is
now available within PEST to accommodate them.

Ideally, when formulating an S\Hassisted parameter estimation problem, patammehould

be normalized by their standard deviations. There are a number of reasons for this, one of
which is that the solution to the regularized inverse problem can then approach the solution of
maximum parameter likelihood (if initial parameter valuwm® chosen wisely). Another
important consideration is that normalisation by standard deviation tends to equalize
sensitivities across different parameter types. If, after such normalisation, a particular base
parameter, or group of base parameters,usdado be still insensitive, such parameters will

be removed from consideration in the normal course of formulating the-&8¥Bted
parameter estimation process on the basis of eigenvectors corresponding to the major singular
values ofX'QX; thus such pameters will not feature strongly in super parameter definition.

On the other hand, base parameters which are particularly sensitive after normalisation will
feature strongly in super parameter definition, and hence will be adjusted during the
parameter @ésnation process in preference to other, less sensitive, base parameters.

If untransformed base parameters are not normalised, it is possible that some of them may be
Aartificially hypersensitiveo. For exampl e



Alterations and Upgrades to PEST 9

left untransformed to increase the linearity of the parameter estimation process) is often far
more sensitive than other parameters (often by many orders of magnitude) simply because
low numbers are used to represent it in many modelling contexts. €bharge base
parameters feature strongly in super parameters. Furthermore in many cases the top few
resulting super parameters can be hundreds of times more sensitive than the next super
parameters, this creating numerical problems for PEST as it trégljust both the recharge
dominated super parameters, together with super parameters of far lower sensitivity which
contain linear combinations of other base parameters which may be for more instrumental in
lowering the objective function than recharge pagters. If recharge parameters were
normalized with respect to their natural variability this problem would not occur, for a very
low number expressing what may be a comparatively high recharge value would then become
a comparatively high number. Becausariations in this high number then have smaller
effects on model outputs than variations in the corresponding unnormalised very small
number, the extreme sensitivities associated with the latter are removed. A similar affect
would be achieved if rechargeere log transformed. Mathematically, derivatives of-log
transformed parameters are automatically normalized by their valudgss achieving
something approaching normalization by natural variability. However, in the case of
recharge, while log transfornmiah may remove artificiahypersensitivity the parameter
estimation process may suffer because of the nonlinearities introduced to it through log
transformation.

Anot her problem that arises with dartisficial
far too easy for them to encounter their bounds in the course of the parameter estimation
process. Recall that it is an unfortunate necessity of employing&¥iSt as an inversion
mechanism that once a base parameter hits its bound, it must staytherekorever.

Premature bounds collisions can be mitigated by employing a relatively low RELPARMAX
setting. However even this measure cannot forestall wholesale bounds collision of
hypersensitive parameters, often on the first iteration of the parapstigration process.

The reason for this is that super parameters are actually the coefficients by which normalised

(i.e. with magnitude 1) eigenvectors ¥QX are multiplied in determining parameter
combinations which best reduce the (measurement) olgeftthction. The component of a
hypersensitive base parameter in one of these normalised eigenvectors can be such that, even
when the corresponding super parameter is increased only incrementally for the purpose of
derivatives calculation, the pertinentsegparameter can hit its bounds; this happens solely as

a consequence of the fact that the eigenvector has a magnitude of 1 and that hypersensitive
base parameters (which wild/l domi nate the to]
which may be orderof magnitude smaller than this. Obviously this is an outrageous situation

which must be prevented at all costs. Fortunately, the problem is easily forestalled by
estimating high multiples of hypersensitive base paramettrat is, by appropriate base
parameter scaling.

Base parameter scaling can be easily undertaken by direct editing of a base PEST control file
prior to running SVDAPREP. Say, for example, that all parameters of a certain type (for
example all recharge parameters) are to be scaled sth#aare a thousand times less
sensitive, thus avoiding the deleterious affects of artificial base parameter hypersensitivity
discussed above. This could be achieved in the following manner.

1. Provide alll recharge parametar amemidrh dats:
section of the base PEST control file.

2. Multiply all recharge parameter initial values, and their bounds, by a factor of 1000.



Alterations and Upgrades to PEST 10

3. Multiply any absolute derivative increments, and relative increment absolute lower
bounds by a factor of 1000 in he fAparameter groupso sect |
file.

4. Alter any prior information equations containing these parameters such that they are
correct when any recharge parameter involved in any equation is multiplied by 1000.

Thus PEST s e epld00 tirmes dacherechargenpatameter, while the model
AseesdO correct recharge parameter val ues. (
parameter this does not need to be altered because PEST multiplies by the SCALE before it
adds the OFFSET. Note alffmat if these changes are made to a base parameter control file

for which a corresponding JCO file already exists, JCO2JCO can be used to create a new
JCO file corresponding to the edited PEST control file, thus obviating the need- for re
calculation of bas parameter sensitivities). As a result of these alterations to the base PEST
control file, sensitivities with respect to these revaled recharge base parameters will be

1000 times less than those of their unscaled counterparts.

The above procedure is recommended if programs such as RESPROC and its partner utilities
are to be used for pesalibration predictive error variance analysis, for the user can craft the
parameter estimation problem to suit his/her purposes, and haceritribl over the scaling
process. However PEST allows somewhat equivalent operations to be performed with less
trouble than the above as a practical means of ensuring good performance of the SVD
assisted parameter estimation process. These will now betdes

2.8.2 The SVDA_SCALADJ Control Variable

PEST now provides a variety of automatic base parameter scaling mechanisms to combat the
problems associated with base parameter hypersensitivity outlined above. The variable which
controls selection of theseechanisms is named SVDA_SCALADJ. If present, it is situated
after the SVDA MULBPA variable on the third
parameter PEST control file. See the figure
variable.Permissible values ard, -3, -2, -1, 0, 1, 2, 3, and 4. If omitted from the PEST

control file, a default value of 0 is assumed; in this case no base parameter scaling is
undertaken.

* svd assist
templ.pst
templ.jco
14

The SVD-assist section of a superparameter PEST control file in which the
SVDA_SCALADJ control variable is assigned a value of 4.

Base parameter scaling options are now discussed in detail. It is important to note that all
scaling is undertaken internally by PEST. Estimated parameteesvals displayed, for
example, in the BRAcdliilergdaobyotthe egauemr.e fAde

2.8.2.1 NonLogTransformed Parameter Scale Adjustment by Group

As stated above, problems caused by base parameter hypersensitivity do not tend to occur
when implementig SVD-assisted parameter estimation where all base parameters are log
transfor med. Thi s-naomrsmal irzeisnugd eofff etchte offs ellofg e
As an inspection of the SEN (composite sensitivity) file produced by PEST often reveals,
sansitivities of logtransformed parameters, even of vastly different types, are generally not as
variable as those of untransformed parameters.
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One option for untransformed parameters is to scale them such that their sensitivities are
roughly equal to those of lelgansformed parameters involved in the parameter estimation
process. If SVDA_SCALADJ is set to 1 PEST undertakes scaling of untraesfobase
parameters in the following fashion.

1. First it calculates the composite sensitivity of every adjustable base parameter; this is
calculated as the magnitude of the column of the Jacobian matrix corresponding to
each parameter, with each entry in tieatumn multiplied by the squared weight
associated with the corresponding observation.

2. Next it calculates the average composite sensitivity of all parameters in each
parameter group; that is, it calculates a kind of parameter group composite sensitivity.
It is assumed that all adjustable parameters within any parameter group are either log
transformed or untransformed (tied and fixed members of a particular parameter
group are permitted).

3. For each untransformed parameter group PEST evaluates a scalimgdpptied to
all parameters in the group, which equates the average composite sensitivity for that
group to that of the lotransformed group of maximum average composite
sensitivity.

Variations of this theme are as follows.

1. If SVDA _SCALADJ is set to-1, PEST will neverincreasethe sensitivity of an
untransformed parameter group to ensure composite sensitivity equalisation with the
log-transformed parameter group of highest average composite sensitivity; it will only
decreasehe sensitivity of any untransformed parameter group.

2. If SVDA _SCALADJ is set to 2, PEST calculates the average composite sensitivity of
all log-transformed parameters, irrespective of the parameter group to which they
belong. Then, for each untransformpdrameter group, all member parameters are
scaled such that the average composite sensitivity of the parameter group is equal to
that of all logtransformed parameters.

3. If SVDA_SCALADJ is set to-2, PEST will neverincreasethe sensitivity of an
untransfomed parameter group to ensure composite sensitivity equalisation with log
transformed parameters; it will onlyecreasethe sensitivity of an untransformed
parameter group.

PEST will terminate execution with an error message if SVDA_SCALADJ is st i, 1
or 2 and any of the following conditions are met.

1. A base parameter group exists which contains both-tréogformed and
untransformed parameters.

2. No logtransformed parameters are cited within the base control file.
3. Alllog-transformed base parametbes/e zero sensitivity.

2.8.2.2 Individual NorLog-Transformed Base Parameter Scale Adjustment

As stated above, ideally parameters should be scaled by their standard devidiatnis, by

their innate variabilityr that is, by the uncertainty assocteith those parameters in the
absence of any calibration information, this uncertainty being based solely on specialist
knowledge of the system. Such information cannot be supplied directly on a PEST control
file. However parameter upper and lower boufvdsich are supplied through a PEST control
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file) can be considered as surrogates for information of this type.

If SVDA_SCALADJ is set to 3, PEST assumes that the upper and lower bounds of all
untransformed parameters are set approximately four standaréhtialey apart.
Untransformed parameters are then scaled by standard deviation calculated accordingly.
(There is no need for exactness here as the success of scaling in improving the performance
of SVD-assisted parameter estimation is not unduly sensditfeetexact scaling values. Four
standard deviations is a convenient assumption as, for normally distributed parameters, it
corresponds to a confidence interval of about 95 percent.)

If SVDA_SCALADJ is set to-3, PEST will not apply a scale factor thatreasesthe
sensitivity of a parameter; it will only apply a scale factor tieducesthe sensitivity of an
individual untransformed base parameter.

2.8.2.3 Pervasive Base Parameter Scale Adjustment

If SVDA_SCALADJ is set to 4, the strategy implementecewisVDA_SCALADJ is set to 3

is extended to accommodate all adjustable base paranieteven those that are log
transformed. As for untransformed parameters, it is assumed that the bounds- on log
transformed parameters represent a separation of aboutdérstateviations, and that their
probability distributions are legormal. Once again, these assumptions are not critical by any
means; they simply represent a convenient basis for scaling. If SVDA_SCALADJ is4gt to

no base parameter sensitivities Wik increased in the process of base parameter scale
adjustment.

2.8.2.4 Which Option to Use

Option 4 is the preferred option, both theoretically and in terms of optimisation of PEST
performance when carrying out SVd3sisted parameter estimation. However it requires that

the user pay more careful attention to the setting of parameter bounds than he/she may
normally do. In fact on many occasion of PEST usage, scant attention is@iparameter
bounds at all, these being set wide enough
about the system being simulated by the model, and about the model itself, through the values
that it assigns to parameters employed by the model,curdrered by the necessity to
respect bounds placed on these parameters. This, indeed, can be an important role played by
the calibration process, for if PEST insists on assigning unacceptable values to certain model
parameters, this may indicate conceptfialvs in the model. If all parameters are Hdog
transformed, setting SVDA_SCALADJ to 4 with parameter bounds set wide apart should not
cause problems (though it would be better to set it to zero under these conditions). However
if some parameters are notgldransformed, use of option 4 could lead to dreadful
performance of the SViassisted parameter estimation process, as hypersensitivity of one or
more types of untransformed parameter could result in rapid bounds collision for the reasons
outlined above.

Notwithstanding superior performance of a propedwstructed SVEassisted parameter
estimation process with SVDA_SCALADJ set to 4, the SVDAPREP utility (which prepares a
super parameter PEST control file from a base parameter PEST control file) provides a
default setting of 2 for SVDA_SCALADJ. Experience has shown that -8%4isted
parameter estimation when both d{tvgnsformed and untransformed parameters are
simultaneously estimated is not as robust with this option as it is for options 3 or 4 with
carelul consideration given to the setting of parameter bounds. However if base parameter
bounds are set far apart in order to reduce their effect on the parameter estimation process
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(either deliberately for the reasons outlined above, throughlameess, oreven as a

result of the unlikely, but not impossible, occurrence that a user did not read this section of
the manual), then use of options 3 or 4 may have disastrous consequences for the SVD
assisted parameter estimation process. Hence option 2 is ¢éise S*IDAPREP option. The

user should not forget, however, the benefits of setting SVDA_SCALADJ to 4 in conjunction
with a careful bounds setting strategy.

2.9 SVDAssist: Externally-Defined Super Parameters

Total flexibility in definition of super parameateis available through having the eigenvectors

with which these super parameters are associated defined without reference to a PEST control
file, and its associated Jacobian matrix, altogether. This can be achieved through setting a
new SVDAssist controlv ar i abl e SVDA_ _EXTSUPER to 1, and
par ameter definiti dase Jacawkbian matrx. Thenfollqwinga example f a
shows the SVEAssist section of a PEST control file in which these settings are made.

* svd assist
templ.pst
super.mat
101

The SVDassist section of a super parameter PEST control file in whichthe
SVDA_EXTSUPER control variable is set to 1, and the name a super parameter
definition file is supplied in place of that of a base Jacobian matrix file.

The SVDA_EXTSUPER control variable is an integer which must be supplied asGdaher
1. If omitted it is assumed to kzera

If SVDA_EXTSUPER is set to 1 PEST does not undertake singular value decomposition of
an X'QX matrix for definition of directionsn parameter space with which super parameters

are associated. Instead it reads these directions from a matrix file; the format for such a file is
described later in this addendumnluper parameters are featured in a PEST control file,
then the directins in parameter space associated with these parameters are defined as the first
n columns of the matrix supplied in the matrix file. If more tmaoolumns are featured in

this matrix, columns after th&th are ignored.

The matrix file supplied to PES@s the super parameter definition file must meet certain
requirements. As already stated, it must have as many coliannsorg as there are super
parameters defined in the super parameter PEST control file; the names associated with these
columns are igored. It must also have at least as many rows are there are base parameters
defined in thebase parameter PEST control fileurthermore each adjustable parameter
defined in the base PEST control file should haweasrix row associated with it (and linde

to it through equality ofbase parameter namend associated row naé the super
parameter definition matrix file. It is not essential that these names be supplied in the same
order in both of these files. Nor does it matter if the super parametex filatcontains extra

rows linked, perhaps, tbxed or tied base parameters, or to other parameters altogether.
However it is essential that ramljustable base parameter nameinmatched to a row of the

super parameter definition matrix file.

Note thefollowing:

1. It is important for the sake of calculation of derivatives with respect to base
parameters that all columns of the external super parameter definition matrix
have a magnitude of approximately 1Use of the MATSVD utility described in a
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later setion can ensure this, at the same time as it ensures orthogonality of super
parameter vector§imply prepare a candidate matrix based, for example, on what are
judged to be the most important parameters and/or parameter combinations, and then
empby MATSVD to determine a complementary orthogonal, normalised matrix

2. If SVDA_EXTJAC is set to 1 there is no role for the SVDA_SCALADJ variable.
Hence it is set to zero inside of PEST.

3. The SVDassisted inversion process handles base parameter boupdsition
slightly differently when super parameter directions are assigremnally from the
way in which bounds imposition i$ilandledwhen base parameter directiorsse
calculated by PEST. In the latter case super parameter directionsdatnes by
PEST whensalient base parameters stuck to their boundsaaathus effectively
removed from the inversion process. In the former case super paramegéinitoon
cannot take placés a result, the inversion process may be a little slower under these
circumstaces.

SVDAPREP has been slightly modified in order to provide the user with the option of using
an external super parameter definition file in place of a base parameter Jacobian file for super
parameter definition.

2.10A New IREGADJ Option

As described ithe PEST manuah value for the IREGADJ variabtanoptionally be added

to the end of t he fAr e g ucbntral files id this wamable iSmC t | on
present, its value is assumed to be zZErperience has demonstrated that setting thigble

to Alo can be a very wuseful means of acco.l
regularisation group within the PEST control file, for it is often a difficult matter for the user

to determine the appropriate weightings to use between these mifigreups. When

IREGADJ is set to 1, PEST takes account of both the number and sensitivities of
regularisation observations and prior information equatiansach groupin determining

relative interregularisation group weighting, so that the contributitadeby eachgroup to

the overall set of regul ar i s aitsimechanistnofors t r a i
calculating these relative weights is by no mefmadproof, nor is it such that it would not
benefit from useassistance in some circumstande®ta | REGADJ setting of f

assistance to take place.

For any IREGADJ settingPEST respectsisersupplied relative observation and prior
information weightswithin any regularisation group. However it does not respect weights
betweenthem, for t determines a weight multiplier specific to each group, independent of
userspecified relative integroup regularisation weights as supplied through the PEST
control file. Thuswhen IREGADJ is set td or 2 there is no need for the user to worry about
setting relative regul ar |=etse ®BST gverodaspthiswe i g h
weighting when calculating its own intgroup regularisation weight factotdence if a user

does not wish thategularigtion weights vary within any regularisation group, thereds

reason why all regularisation weights should not be supplied with a value iafth® PEST

control file.

If IREGADJ is set to 3PEST undertakes the same calculations for the purpose feela

group weight factor calculation that it undertakdeenIREGADJ is set to 1However it then
undertakes a #Afinal adjustmento of regul ari
supplied regularisation weights. Thus if, for example, a user sgppleights for group
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regull which are twice those foregul2 PEST will multiply all weights within group
regullby a factor of Zelative to those in grougegull after having calculated regularisation
weights for tlesegroups using the procedure that mormally employed when IREGADJ is
set to 1.(All regularisation weights are then multiplied by the global regularisation weight
factor before parameter estimates are net upgraded.)

Setting IREGADJ to 3 has the potential to be very useful where there ayeregalarisation
groups. I n such circumstances it is dtfficul
regularisation group weight factors him/herself; the result may be poor PEST performance as
regularisation constraints fail tompensatéor data inadequacy iformulating a welposed

inverse problemAlthough PESTmay beable to do this quiteomfortablyitself on many

occasions using itsormal IREGADJ functionality, it mayneverthelesb e t he wuser 6s
thatregularisatiorconstraintfor some parametetse enforced more strongly than for others.

In these circumstances he/she can supply an initial set of weights that reflect this desire.
PEST will then alter its IREGADQGalculated wights accordingly in the manner described

above.

It is apparent from the above discussion that it would be unwise for a user to supply
regularisation weights which are markedly different from group to gvdugn IREGADJ is

set to 3 for the benefits of IREGADJ adjusent will be lost if internallycalculatedrelative

weights are varied too muchr om t he Abal ancedo set cal cul
remembered in formulating a weiglassignmenstrategy for constructing the PEST control

file that PESTO6s internal we i g hakesintoaaccpunts t me n
the population of each regularisation group, and the composite sensitivity of each of the
observations or prior information equations comprising eaghlarisation constrainWwhen

IREGADJ is set to 3, itis the s e r Awhentsupplyiig weights to the PEST control file

provide a basis forelativeinter-group weightdi f it ruen ithatgeilects his/her desirer for
certainconstraints to be enforced more than others. However if tsunthg prevents stable

solution of the inverse prédm, thenthe desire for stronger enforcement of one set of
constraintsover another must be abandorad! uniform regularisation weights suppliex

IREGADJ set to 1.

2.11Parallel PEST Run Repeats

| f Paral l el PEST encounters a problem in r
subdirectory, it tries a number of times to read the file before giving up. Then, just in case the
problem originated in networkongestionor some other troublesome netwdrsehaviour,

Parallel PEST repeats the model run on the same or another slave. A nhumber of repetitions
are attempted before PEST terminates execution with an error message to the screen outlining
the nature of the problem encountered.

Where model run timeare long and the problem did not in fact originate in network
communication failure, this process can take a long time. There are instances where the user
would like to be made aware more quickly of such a problem so that he/she can take steps to
rectify it if, in fact, the source of the problem is in the model, or one of the components
thereof, rather than in the networRarallel PEST now presents an option through which
repeated attempts to run the model are bypassed; instead PEST immediately terminates
execution with an appropriate error messag@ew variable has been added to the Parallel
PEST run management file to activate this option.

The figure below illustrates the construction of a run management file. The second line now
containsfive variables, the last two of which are optional. If the last variable (RUNREPEAT)
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is set to 0, attempts at model run repetition as described above will not take place. If it is
set to any other number (or if it is omitted), attempted run repetitionaké place.

prf

NSLAVE IFLETYP WAIT PARLAM RUNREPEAT
SLAVNAMESLAVDIR

(once for each slave)

(RUNTIME(l), I=1,NSLAVE)

Any lines after this point are required only if IFLETYP is nonzero; the
following group of lines is to be repeated once for each slave.

| NFLE(1)

INFLE(2)

(to NTPFLE lines, where NTPFLE is the number of template files)
OUTFLE(2)

OUTFLE(2)

(to NINSFLE lines, where NINSFLE is the number of instruction files)

Structure of a Parallel PEST run management file.

It is important to note that if the RUNREPEAT variable is present in a PEST run
management file, then the PARLAM variable must also be present.

2.12Covariance Matrix Files

As documented in the PEST manual, PEST is able to read an observation covarigsimce ma

file in place of weights. Enhancements to PEST have been madeler to now allow

covariance matrices to be supplied in files of two different fornfdts. existing format, as
documented in the PEST manual, is still supported;régsires that thenatrix be supplied

in an ASCII file with space or comma delimited entries. In addition to this, PEST is now able

to read fAmatrix fil eso whlaesie thisdoomenifhasther ot o c ¢
covariance matrix used for specification of measnent uncertainty can be constructed and

mani pul at e dnewmatrirn lganding &illtiéss

The following should be noted:

1. PEST detects itself whether a matrix is supplied using the old format, or the newer
matrix file format.

2. The matrix suppliedat PEST must be square and symmetrical. It must possess the
same number of rows and columns as there are observations in the observation group
to which it pertains

3. Matrix file protocol requires that rows and columns be named. PEST does not check
these name against the names of observations comprising the observation group to
which the matrix is assigne&ows and columns in the covariance matrix must thus
be supplied in the same order as that in which associated observation or prior
information names arésted in the PEST control fil&hat is, items in the covariance
matrix file are linked by order or occurrence and not by name.

4. The matrix itself (or just its diagonal elements if the ICODE variable is supplied as
1), is read using free field format.

5. If any errors are detected within the matrix file, PEST ceases execution with an
appropriate error message.
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2.13New Automatic User Intervention Default Settings

As is described in the PEST manualfomaticuser intervention can be implemented simply

by addig t h e

PHIREDSWHyvariable.As wel |

as

S

st r torthg eighth dine oof the PEST control file, just after the
t hi

i f desired, an n

can be added to the PEST control file in which values are assigned to sasibiole govern
P E S T dusctioaality. lbthisasection is nosaglded, i nt er
PEST assigns default values to thegetrolvariables.

the operation of

Default values for automatic user intervention control variables are now as set @utahl¢h

below.
Variable name Default value
MAXAUI 0.75 times number of adjustable parameters
AUISTARTOPT 1
NOAUIPHIRAT 0.9
AUIRESTITN 0
AUISENSRAT 5.0
AUIHOLDMAXCHG 0
AUINUMFREE 3
AUIPHIRATSUF 0.8
AUIPHIRATACCEPT 0.99
NAUINOACCEPT 0.75 times MAXAUI

Default settings for automatic user intervention control variables.

The setting supplied in the above tabé#e such as to cause PEST to make every effort
possible to lower the objective function on every iteration. Hence computation times may be
greatly lengthened (especially as the automatic user intervention procespasatietisablg

Hence, in certain circumstances, the user may wishupiply different values fothese
variablesn order to reduce the number of model runs required penigption iteration.

2.14Inclusion of Predictive Noise in Predictive Analysis Process

2.141 General

Authors such as Vecchia and Cooley (1987) discuss the difference between avpredict

confidence interval and a predmtii nt er v al

The

f or me r modeb t he

prediction that is allowed by the presence of measurement modata employed in the
model calibration proces3his is theonly interval calculated by previous versions of PESST
predictive analysem which a usespecified prediction is maximised or minimised while

mai nt ai ni t he

ng

mo d e | i
whichthis level of confidences calculated ipresented below.

n

a

Acal iThaneansbdy st at

Unfortunately, he predictve confidenceinterval takesno account of the fact that a model



Alterations and Upgrades to PEST 18

cannot replicate the operationaf environmental system exacthssociated with every
prediction that a model makes is a noigrtain
(probablythe greater party the result oimodel inadequacies. Pant it is attributableto the

fact that if a field measurement were made corresponding to the model prediction, then a
certain amount of noise would be associated with that measuremenestabliking an

interval about a model predictioimat would encompasses this actualeasuremenat a

certain level otonfidencethis noise must be taken into account.

Where a prediction is of the same or similar type to measurements employbéd in
calibrationprocess, the variance pfedictivenoise(if it can be assumed to be the same as

that of measurement noisé$ estimated through the calibration proceSgppose that the

mi ni mi sed objective function obt gd Suppdset hr ou
also thateachmeasurement weiglemployed in the inversion proceissproportional to the

inverse of the standard deviation of the measurement to whpehntairs. PESTcalculates a

reference variance as:

a2= W/ (n-m) (2.1)

wheren is the number of observations on sl calibration is basedndm is the number of
estimated parameters. If the weight assigned tadhteh o b s ew, thentits standard s
deviation is thus estimated as:

b= (am (2.2)
Where a prediction is of an entirely different type to measurements employed in the
calibration process, thetne level of noise associated with that prediction (in most cases

resulting fromincapacity of the model to simulatdl detaik of system behavia which
pertain to this predictigmmust be guessed.

2.142 One Methodology for Accommodationof Predictive Noise

One way in which the presence of predictive noise caacbemmodated in the predictive
uncertainty analysis proceissto add an extra parater,e to the existinfPESTparameter set

prior to undertaking that process Thi s par ameter i s actually ¢t
with the prediction that is to be maximisednoinimised The fiest i m@hbidhd val u
would normally be suppdd as its initial value), is zerd. prior information equation would

then be added to the inversion process in whitas equated to zero. The weight assigned to

this prior information equation would be suttfat when its inverse was multiplied by the
squareroot of the reference variance, the standard deviation of predictive isai¢ained.

Or, looking at it another way, the inverse of the weight assigned to this prior information
equationshould bear the same relationship to predictive noise stardirition as the

inverse of observation weigh&snployed in the calibration procebear to their respective
measurement errors.

A newtemplate file would then be preparethich would allow PEST to record the current
value of e prior to each model run. l&ernatively, the value o€ could be written to an
existing model input filausing a slightly modified existing template fildtle modelwould
thenneed to be modifietb read this value. Functionality would then be added to the model
(or to a model postpcessor) through whichwas added tthe modelcalculated prediction.

This new noiseaugmentedorediction would then be read by PEST as dqoantity to be
maximized or minimizedhrough the predictive analysis procelss maximising/minimising

the predition within the objective function constraints allowed to it, PEST waldsh have

the choie of increasing/decreasing the actual model output corresponding to this prediction,
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or the error associated with this prediction or, more likely, a combinatithe d#o.

2.14.3 An Alternative Methodology

The constrained maximization/minimization algorithm which underpiflsST6s pr edi ct
analysethas been enhanced so that the same outcomes as the above process can be achieved
without making significant modificains to the PEST predictive analysis input dataset, and
without needing to augment adtdsaocisenotiieeeledtesl f un c
predictive output This methodology is based on theory presented in Vecchia and Cooley
(1987) for achievinghis aim.

Suppose that a predicti@is calculated from model parameterscapsulated the vectomp
using the linearised model equation:

s=y'p (2.3)

wherey is a vector of sensitivities of the model prediction to each of the parameters
encapsulated irp; predictive and parameter offsets are ignored in #nd following

equatiors. Suppose that we wish to maximize the model output correspondinbisto

predicton while constraining the objective functi@which, for the moment, will be assumed

NOT to include a contribution from predictive noiset o be no h.iTogemer t hai
corresponding to the maximised/minimised prediction can be shown to be calcidable a

p = (X'Qx)*FXx'Qh- %ﬂ (2.4)
I y
where:
218 . F.-h'Qh+h'QX(X'0x) X'Qh

¢2/ - y'(x'QxJy

and theh vector is comprised afbservations employed in the calibration process (once again
with offsets ignored)The positive or negative square raof  (?is/ctbsen depending on
whether prediction maximization/minimization is being performétese are the same
eqguations as those presented in Chapter 2 of the PEST manual.

Wh e r g@ncludes the effect of predictive err@nd thereforéncludes theerm (ve)> where
W, is the weight assigned to predictive noise amglthe predictive error itsglequation (2.4)
is still employed to calculate. However (2.5) becomes:

2

215 F - h'Qh+h'OX[X'QX) ' X'Qh
a1 . Fo-h'Qnrh'QX(X'Qx)"x'Q 26)
c2/ + y' (X'QX) "y +w;?

while the actual predictive erreris calculagd as:
e=-w.? 2 & (2.7)

For nonlinear models equat®R.4 to 2.7 are solved forp using an iterative procedure in
which X, y andh (which is actually replaced by the residuals vecjoare updated during
everyoptimisationiteration inaccordancevith current values gp.
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2.14.4 Objective Function Constraints

Vechhia and Cooley (1987) and Christensen and Cooley (1999) discuss the difference
between simultaneous (or Scheff&onfidencéprediction intervals and individual
confidence/predictionintervals. A simultaneousparameter confidence region is am
dimensional region in parameter space bounded by a surface of constant objective function
value (which is an ellipsoid for a linear model) within whict, a nominated lel of
confidence, all parameters lie. The projections of this surface onto different parameter axes
define the Scheffé confidence intervals for these parameters. The Sclefténfidence
interval for a prediction is defined as the interval between theimmuen and minimum
prediction that can be made by the model using parameters that lie within the joint parameter
confidence region pertaining to a nominateea Jprobability level. The simultaneous
prediction interval includes predictive noise as a notipashmetem this processand as an
augmenter of the prediction, in the manner described above.

The 1-a individual confidence interval of a parameter is simply taege of values, centred
on the best parameter estimate, within which the parameter lies at a confidence 1itdjt of
irrespective of values taken by other parametéhe %a individual confidence limit of a
prediction is defined as the range of preditivalues for which the combination of
parameters that gives rise to the prediction is within tae cbnfidence interval for that
combination of parametermdividual predictive intervals take predictive error into account
as both a notional parameterdaa prediction augmenteas discussed above. Individual
confidence and predictive intervals are derathan simultaneous intervals at the same level
of confidence.

Values ofa o for 1-U s tameaus confidence and predictiotervals respectivelgre given
by:-

F0=meg%nFa(m,n- m)+1§ (2.8)
and
FO:Fming%Fa(mﬂn- m)+1§ 2.9)

WherFemnin) 6 refers to thenmfF degteedbudf,pihir ewe dt b
the minimized objective function as calculatégring the calibration process (which must
precede the predictive analysis process)

For individual(1-U predctive confidence and predictidntervalsrespectivelythe following
equations apply:

N 2
Fo=mezet"”(;(f‘—;n;n)+1§ (2.10)
and
Fo=F,, denlnom) e (2.12)
™& (h-m g

Wheret(m-n) signifies at distribution with -m) degrees of freedon©bviously equation
(2.11) is identical to (2.10). However in the latter case the predictive error ¢egh i
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includdint he objective function A (as it I's 1n
cont r i b wtisizermmdud to thelfact thatis zero at the calibration objective function
minimum. Christenserand Cooley (1999) and Cooley (2004) point out that a coorecti

factor should be applied to the right side effuations2.10 and 2.11to accommodate

nonlinear model behaviour. However they also point out that this factopssly close to

1.0; hence it will be ignored in the present work.

2.145 Implementation in PEST

Calculation ofthe confidenceinterval for a particular predictiois simply a matter of using
PESTO6s predictive analyzer as dewgaofequdiiend 1 n t
(2.8) or equation (2.10) as the PDO predictive analysis contralblari

Calculation ofpredictioni nt er val s i1 s only sl i ghofdqyatiomor e ¢
(2.9) or equation (2.11) must be employed for PBEMrthermore, the weight assigned to the
observation comprising the sole member of t|
in terms of its chaerisation of predictive noise in the current calibration context, for PEST

does not ignore this weighthen calculating prediction intervals as it does whaouwtating

confidence intervals, instead adopting itvasin the above equationés discussed above,

this weight must bear the same relationship to predictive noise as observation weights bear to
observation noisefinally, a new PEST control variable named PREDNOISE must be set to

1. The |l ocation of the PREDNOI SE variable ir
control file is illustrated in the figure below.

* predictive analysis

NPREDMAXM PREDNOISE

PDO PD1 PD2

ABSPREDLAM RELPREDLAM INITSCHFAC MULSCHFAC NSEARCH
ABSPREDSWH RELPREDSWH

NPREDNORED ABSPREDSTP RELPREDSTP NPREDSTP

Predictive analysis section of the PEST control file showing the location of the
PREDNOISE variable.

If PREDNOISE is supplied as zero (or not supplied at all), PEST will not take predictive
error into account when maximising the uspecified prediction. Howevef it is set to 1,

then PESTO6s behaviour I n conduc tmnimigatoh he pr
process is slightly altered. In particular:

1. The reported objective function is now the normal madeheasurement misfit
objective function plus the contribution from predictive error,(ees)?.

2. The reported prediction is now the model output specified as the prediction, plus the
predictive noise terre.

3. The currentvalue of e is reportedwith the prediction as the optimisation process
progresses.

In all other respect®peration of PEST isutwadly the samewhen PREDNOISE is set to 1
as it is when PREDNOISE is set to zero.

Irrespective of the PREDNOESsetting grious consideration should be given to employing a
line search in the predictive analysis prodgsd withstanding its high cost iernms of model
runs). Variables controlling thifine search procedurghould beassignedn accordance with
the discussion psented earlier in this addendum (see Section 2.4)

Limited experience to date in comparithg performance f PEST 6 s mmodagon n a | a
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of the predictive noise term with the more lengthy procedure described in Section 2.13.2,
suggests paradoxically, that the latter is slightly more efficient, and provides slightly
higher/lower maximised/minimised predictionk. is thought that tis is due to better
accommodation of the nonlinear nature of the problem, particularly in implementing the line
search, when the parameter is realculated at each stage of this search, instead of being re
calculatedonly when a different Marquardidmlda is employedn the parameter calculation
processas occurs forinternal implementation of this procedure. However, fortunately,
differences between the two outcomes do not appear to be great.

2.15Starting a New PEST Run Using and Old Jacobian

There arananyoccasion®n whicha PEST run is commenceohly for the user to realises

soon as the first parameter upgrade is attempted, that different settings should have been
employed for tatrun. For example, a PEST control variailedd have ben set differently;

or perhaps PEST should have been asked to use truncated singular value decomposition as a
regularisation device instead of Tikhonov regularisatdm.such situations the PEST run is

then halted before the secommptimisation iteration begins, or at an early stage of this
iteration where parameter sensitivities are being calcutatedgh repeated model runs; the
PEST control file is then edited, and PEST isstated. Unfortunately, this is a wasteful
procedure, for then PEST calc@atparameter sensitivities for initial parameter values all
over again gssumingthat these have not been changed) before recalculating parameter
upgrades on the basis of the new inversiettings

Re-calculation of sensitivities for initial parameter wa$ can now be avoided if PEST is re
started using the A/i 0 switch. I n this case
file (i.e.an unformatted file in which the Jacobian matrix is stérede the PEST manual for

further detail}, from which itcan readnitial parametesensitivities When the time comes to
calculate the first set of parameter derivath\®&SST themreads them from this file instead of
calculating them by finite differences or reading them from a derivatives Hde. all
subsegent iterations, however, it calculates sensitivities in the normal manner.

If a PEST run has been halted after calculation of the first Jacobian matrix, it is a good idea to
copy the JCO file to a file of another name. This will preveritom being desbyed or
overwritten next time PEST is run on the same case. The file is thus always available for use
during the first iteration of subsequent PEST runs. The usefulness of this file as a powerful
means to save repetition diie first inversion iteration § heightened by the fact that
subsequenPEST casesthat can use it for this purpose need not employ the same prior
information equations as were uded not)in theinitial PEST run on whose basis the initial

JCO file was stored, for PEST always calcidgeor information sensitivitiegternally. All

that is required is that the new PEST run employ the same adjustable parameters (in the same
order) and the same sérvations (in the same ordex3 the old PEST ruREST will soon

inform you if this is not the case. However it is also important thatadperansformation

status of parameters does not change between PEST runs; this is a condition that PEST
cannot detct, and so the user must ensure that this is the case him/herself. However
observations weights can change between the PEST run that produced the stored JCO file,
andanysubsequent run that uses it.

To start a new PEST run using an old Jacobian matrith&initial iteration, run PEST using
the command:

pest case .pst/i
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where caseis the filename base of the current PEST case. As s®ah abmmences
execution, PEST will prompt:

Enter name of JCO file for first iteration sensitivities:

to which you &ould respond with the name of a JCO file produced during (normally the first
iteration) of a previous PEST rufs stated aboveyhile the name of this file can msejco
wherecaseis the filename base of the current PESiEe this is a very dangeroysocedure

due to the likelihood of this file being destroyed or overwritten. It is far better to rename a
JCO filethat is to bee-usedfor initialisation of subsequent PEST runs in this manner.

2.16 Partial Parallelisation ofthe Lamdba Search
The figure below shows the structure of the parallel PEST run management file.

prf

NSLAVE IFLETYP WAIT PARLAM

SLAVNAMESLAVDIR

(once for each slave)

(RUNTIME(l), 1=1,NSLAVE)

Any lines after this point are required only if IFLETYP is nonzero; the
following group of lines is to be repeated once for each slave.
INFLE(1)

INFLE(2)

(to NTPFLE lines, where NTPFLE is the number of template files)
OUTFLE(2)

OUTFLE(2)

(to NINSFLE lines, where NINSFLE is the number of instruction files)

Structure of the Parallel PESTrun management file.

The last variable on theecondline of this file informs PEST whether or not it should
partially pardlelise the procedure through which it tests the effects of different Marquardt
lambdas in lowering the objective function. If this set to zero, or omitted, partial
parallelisation of the lambda search is disabled. i get to 1, the partial parallelisation
process is enabled.

Where the number aflavesinvolved in the parallelisation process is high, it is wise to limit
the nuniber oftheseslaves whichactuallybecomenvolved inthe Marquardt lambda testing
procedureOne reason for this is that, with so many different lambdas being simultaneously
tested, it is possible for some to yield upgrade vectors containing parambtenscreate
problems for the modelnlgeneral, the further is a tested lambda from the current lambda,
the more likely is this to happeRroblems could include slower model convergence or even
model failure. Fortunately this can now be easily prevented.

PARLAM can now be set to a negative number. As long as it iszaoy partial
parallelisationof the lambda search procedure will be activated within PEST. However the
number of slaves involved in thiambda searclprocalure will be limited to the absaole
value of PARLAM. Thus, for example, if palaisation is being undertaken using 50 slaves,
and if PARLAM is set ta4, then only 4 slaves will be involved in the partial parallelisation
of lambda testing.

A PARLAM setting 0f-9999 however has speciifjnificance. This setting should only be
employed where a user has access to a relatively large number of computingfrexqgles
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power. If PARLAM is set t0-9999 the parallel lambda search procedure follows the
strategy set out below.

1. Only one cycle oparallel runs is devoted to testing Marquardt lansp&&EST will
not commit to a second cycle, irrespective of results forthcoming from the first cycle.

2. The maximum number of parallel runs constituting this cycle is set to NUMLAM, the
variable in theficontrol dat® section of the PEST control file which sets the
maximum number of lambea@sting runs undertaken per iteratidfowever if there
are less slaves than NUMLAM available at the tithat lambda testing is required
NUMLAM is temporarilyreduced tadhe numberof available slaves

3. If it is not supplied as a negative number, RLAMFAC (the lambda multiplier
employed in lambda testing) is set internally to the negative of its supplied value.
Hence, as described in secti®ri8of this addendum, a much dér range of lambda
values is tested than would be the case if a valdependentmultiplier were
employed

4. Tested lambda values (on different slave machines) are disposed in equal numbers
above and below the current value of the Marquardt lambda.

5. Theoutomes of all such runs are read, i rre
processing of early return¥hus if the dependence of the objective function on the
Marquardt lambda is irregular (such as can occur if fiditkeerence derivatives are
comprom sed as a result of model out put gr al
functioncorresponding ta random lambda will not be missed.

Use of a PARLAM setting 0f9999 is recommended where a user has acceadaige
number of nodes, many of which wdube standing idlevhile implementingalternative
lambda search strategies. The usaust remembehowever, that the number of runs
employed for lambda testing is set by NUMLAM, and not by the number of slaves/nodes
available. Henc&NUMLAM may need to beet higher than normdNote also that, as stated
above, only one round of lambdtlssting runss undertaken.

Caution should be exerciseslhen employing thislambdatesting option. If a model is
susceptible to crashinghenit is supplied with parameteiliues that it finds unpalatabléjs

is most likely tooccur during the lambda search, for this is the part of the parameter
estimation process where parameter values are most different from those that have been
employed beforeTesting ofa wide varietyof lambda values in this parallel fashion can
increase the chances of model run (and hence Plaiire.

Anot her negative feature of this gsequehgallyof | an
and temporarily freezparameterghat have hit their @undsat their current valusaf gradient
or upgrade vectors point out of bounds is compromised to some (but not a great) extent.

It is hopedthat this methodology for lambda testing vk of use where, as stated above,
model derivatives are compromisbdcause of model numerical imperfections. If this is the
case, the user may wish to set RLAMFAC to a higher negative value than normal (for
example a value of4 rather than the recommended value2)fso that it can sample the
objective functiorvs. lambda curve in greater detgperchanceo fall into objective function
crevices in thisoisysurface.

Note for BPROC user3he MPRUN progranused to run the modéd supposed to create a
fil e pagaemewmbiier processor s o ¢tanleam ofsheinumberéfar al |
nodes that are actually employed in current parallelisation. At the time of writing, this file is
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not being produced by MPRUN. Hence if NUMLAM is inadvertently set above the number
of processors that are actually available, PH&E no way of knowing to reduite value

2.17 New NOPTMAX Setting

In the past, to run PEST solely for the purpose of calculating a Jacobian matrix, NOPTMAX

had to be seto -1. With NOPTMAX thus set, as well as filling the Jacobian matrix, PEST

also catulates the parameter covariance, correlation coefficient and eigenvalue snaisice

well as statistics derivefilom these. Residuals, and statistics based on residuals, are written

to the run record file. Furthermore, a final model run is undertakerdbasen Ao pt i mi s
parameterso (in this case initial repaningmet er
after the PEST run is complete pertwrthese parameters.

Where sensitivities are being calculated on the basis of base parameters prioMiD-an S
assised PESTrun, there is no need for these statistics to be calculated. Not only is the user
unlikely to be interested in them, bahere there are many base parameters their computation
(particularly those of the covariance and related matrices)takaya considerable amount of

time. Calculation of these can now be avoided through setting NOPTMAXinstead of1.

In this case, PEST terminates execution as soon as the Jacobian matrix has been calculated
and recorded in the pertinent JCO file.

2.18 New RLAMFAC Setting

Operation of the Marquardt lambda is governed by variables which appearsixthii@e of

the PEST control file. In normal operation, during each optimisation iteratierMarquardt
lambda is varied either up or down (or botmécessary) in search of a value that provides
the largest reduction in the objective function (unless the initial Marquardt lambda is set to
zero, in which case it is not varied from this value during the entirety of a PEST run). In
undertaking these vatians, PEST multiplies or divides the Marquardt lambda by a factor,
the value for which is supplied as the RLAMFAC variable. This variable must always have a
value greater than 1.0.

In some instances it is parent that when the Marquardiibda is very Igih, it may need to

be varied by more than the same factor by which it is varied when it is low. This has been
found especially when undertaking parameter estimation with SVDMODE set(see2
below) In this case the Marquardt lambda serves as a regtilamisariable which is added

to singular values rather than normalised and then added to the diagonal termX'@¢he
matrix. Limited experience suggests that when it is required for stabilization of the inverse
problem, it sometimes needs to be higlso high that it dominates the singular values to
which it is added. When it is then varied in an attempt to lower the objective function as
much as possible, it needs to be varied by a large amount to have any effect on the calculation
of new parameters.

thas also been found to be wuseful I n conjun
other occasions where -flosedness of the inverse problem requires that the Marquardt
lambda be rapidly raised in order to promote lowering of the objective function.

In response to thiequirementa new methodology is now offered for Marquardt lambda
adjustment. This is activated by setting the value for RLAMFAC to a negative niingber
number whose absolute value must be greater than 1.0 (just as in the case avfl stand
operation of the Marquardt lambda). When set to a negative value in this way, the Marquardt
lambda adjustment factbiis re-calculated during every iteration of the parameter estimation
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process as follows:

f=  mi*n2[0}e if o > 1.0
f= minf,20/a) if & < 1.0
f=2.0 if & = 1.0

wherea-is the value of the Marquardt lambda at the beginning of a particular optimisation
iteration andr is the absolute value of the usmpplied RLAMFAC variable. Operation of

this variableisasi | y pictured by the fact that, whe:
above or below 1.0, its value will have reached 1.0 afteultiplications or divisions by

RLAMFAC (provided this is the direction in which PEST decides to move it). Thus, for
example i f RLAMFAC as supplied in the Acontr
to-2. 0 and the value of & Iis 1000.0 at t he ¢
Marquardt lambda adjustment factor is temporarily set to 31.62 foritdration. Note,

howeverthat as indicated in the above equations, it will never be set lower than 2.0.

When using this new setting it is important to note thathigher the absolute value assigned

to a negative RLAMFAC, the smaller will be the actutgrationdependent Marquardt
lambda adjustment factor. This is opposite to the case for a positive setting of RLAMFAC. In
both cases however, the absolute value of RLAMFAC must be greater than 1.0.

2.19 New Setting for SVYDMODE

SVDMODE in the fAsingular value decompositior
be set to 2as well asl; in both casesolution of the inverse probletakes placeghrough

singular value decompositioRor a setting of 2singular value decompositidakes place on

the basis 02X rather tharX'QX (as it does for a setting of.IJhis is much faster in cases

where psameters outnumber observations (and even in cases of large numbers of
observations where formation of tX8QX matrix is a numerich} tedious task).

Setting SVDMODE to 2 has a number of other repercussions. These are now outlined.

1. On the basis of limited experience, it has been found that vi\ébeis employed for
solution of anunderdetermined inverse problem, some kind of soluteonping is
requiredin addition to the regularizing effects of SVBspeciallywhere there are
many parametersn normal PEST operatiaiand with SYVDMODE set to Ithis task
is accomplished using the Marquardt lambda, whereby a scaled diagonal term is
added to the diagonal of théQX matrix before it is invertedor decomposed)Vith
SVDMODE set to 2danping is still undertakerand, as far as PEST output is
concerre d |, the damping parameter i's stildl a
However this damping variable cannot be added toXti@X matrix, because this
matrix is never formed. Instead it is added to all singular value®*6X before
solving for the parameter upgrade vector. Based on limited testing, this strategy
appears to work well. However it should be noted that the damping parameter is not
normalized before addition to these singular values, and hence its value is not directly
comparable between of®EST run and anothefNormalisation with respect to the
highest singular value was attempted, but did not seem to work weitbviding
RLAMFAC with a negative value (see the preceding section) often assists in the
efficiency of finding an optimal dampiwvariable at any given stage of the parameter
estimation procesas it allows rapid variation of the Marquardt lambda during any
optimisationiteration in search of its optimum value
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2. If SVDMODE is set to 2, memorgonservations automatically activateddence
the covariance matrix, and matrices derived from it, are not listed at the bottom of the
PEST control file. Nor are they written to the MTT file.

3. As for an SVDMODE setting of 1, PEST records an abundance of information to the
ASVD f i | eo,of thishirdormatioro heing governed by the setting of the
EIGWRITE variable. If this is set to zero, eigenvectors are not recoifded set to
1, eigenectorsare written to this file. However whereas the numbegigénvectors
recorded irthis file is equal to the number of adjustable parameters when SVDMODE
is set to 1, if the number of observations plus prior information equations is smaller
than this then the number ofigenvalueigenvectors recordea ithe SVD file is
restricted to the total maber of observations plus prior information equations. (This
is also the maximum number of dimensions that the parameter solution space can
hold.)

2.20 Using LSQR instead of Truncated SVD

The LSQR algorithm (Paige and Saunders; 1982a, 19&2im) be employe to implement

regul arised inversion wh edmodepujushnas trupcatednSV p ar a |
can be employed to do the samdsgd hs em@t i orhitso
PEST control filein placeof ( or directl y guunldaerr nwealt hg de chiosm
section An example ofanfi | s satian is shown below. The names of the PEST variables
appearing in iare shown under that.

*|sqr

1

le-10 1e -10 1e3 10000
1

Example of an LSQR section of a PEST control file

* |sqr

LSQRMODE

LSQR_ATOL LSQR_BTOL LSQR_CONLIM LSQR_ITNLIM
LSQRWRITE

Variables used in the LSQR section of the PEST control file.

The role of each of the variables appearing
now described.

LSQRMODE

This must be set to 0 or 1. If it is set to 1, LSQR is employed for solution of the inverse
problem. The LSQR algorithm is applied to the ma®iX whereX is the Jacobian matrix.
LSQR_ATOL

This is the LSQRatol input variable (a real number), describedits documentation as
follows.

An estimate of the relative error in the data defining the ma&trikor example, ifA
is accurate to about 6 digits, set atol1.0e6.
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LSQR_BTOL

This is the LSQRbtol input variable (a real number), described in it€woentation as
follows.

An estimate of the relative error in the data defining the rhs vdxtdéior example, if
b is accurate to about 6 digits, set btol1.0e6.
LSQR_CONLIM

This is the LSQRconlim input variable (a real number), describedits documentation as
follows.

An upper limit on cond), the apparent contlon number of the matriA. Iterations
will be terminated if a computed estimate of c@)dxceeds conlinThis is intended
to prevent certain small or zero singular value®\adr A from coming into effect and
causing unwanted growth in the computed solution.

Conlim and damp may be used separately or together to regularizenilitioned
systems.

Normally, conlim should be in the range 1000 to 1/relpr. Suggestedsvatae
conlim= 1/(100*relpr) for compatible systems,
conlim = 1/(10*sqgrt(relpr)) for least squares.

where relpr is the relative precision of floatipgint arithmetic on the machine being
used. On most machines, relpr is about /0and 1.0€l6 in single and double
precision respectively.

LSQR_ITNLIM

This is the LSQRItnlim input variable (an integer), described in its documentation as
follows:-

An upper Imit on the number of iterationsiyiggested values are
itnlim = n/2 for wellconditioned systemwith clusteed singular values;
itnlim = 4*n otherwise.
where n is the number of columns in the marix

LSQRWRITE

If set to 1, output from the LSQR solver will be written to a file nagesklsqwherecaseis
the filename base of the current PEST control filormation from eaa call is appended to
this file; hencet can become quite lengthy. If this file is not desired, set LSQRWRITE to O.

A few more words, borrowed from LSQR documentation, seéovexpldan some of the
notation employed above.

LSQOR finds a solutior to the following problems:
1. Unsymmetric equationssolve Ax = b;
2. Linear least squaressolve Ax = b in the leastsquares sense
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3.

eAg &g
Damped least squaresolve gll szg)') in the leastsquares sense
u a

whereA is a matrk with m rows and n columng,jsanmv ect or , andambi s a s

: eAg g .
are defined asgs, jand g _(jrespectively.
gt &

In the PEST contextn is equivalent to the number of adjustable parameters,namnsl
equivalent to the number of n@eroweighted observations plus prior information equations

Note the following.

1.

PEST will not allow LSQR to be employed for solution af inverse problem if
automatic user intervention is activated, or if PESTismuninpr edi cti ve
mode.

in the same PEST control file. However it does not permit both of SYDMODE and
LSQRMODE to have nocmero values;but it does allow both of them to be
simultareouslyset tozero.

In setting values for LSQR control variables, do not forget that the numerical
accuracy of terms of thA matrix is set by the accuracy of derivatives calculation.
This is determined by the mddé derivativesare supplied externallyHowever if
finite differences are employed for calculation of derivativies numerical precision

of the elements ok will probably beof the order of 18 or 10° at best.

Do not forget that observations throughkhich parameters are inferred are
contaminatedoy measurement noisdhis has repercussions for the setting of the
Isgr_btol andlsqr_conlimvariables. In short, the more contaminated by noise is the
observation dataset, the fewer LSQR iteratiomsy be gitable for solution ofan
inverse problem.

The user is not given the opportunity to supply a value for the L&@pRpvariable

Rather this is supplied to the LSQR subroutine as the current value of the Marquardt
lambda. Its value is reported to the screen antdld®EST run record file. Variables
which control is value can be supplied
control file in the usual manner

If inversion is undertaken using LSQR, PEST menwagservatioris automatically
implemented. Thus items such as the parameter covariance matrix (which is not of
much use in the regularised inversion context) are not listéte run record file, the
matrix (MTT) file is not written, etc.

2.21 Greater Flexibility of Compressed Matrix Storage

If the MAXCOMPDIM variablei n t he #dAcontr ol datao dgsecti
assignedh value greater than 1, PESiDres thelacobian matrix in compressed forasing

this storage format, zenalued elements are omittethis can result in the ability to hokl
matrix of far larger dimensions thamould otherwisebe possibleespecially where a long
series of prior informatioequations citing only a small number of parameigemployed

for regularisationpurposes A problem arises however, in knowing what value to dwe
MAXCOMPDIM. This informs PEST how many elements it must set aside for Jacobian

a |

.PEST permits a fAsingul ar v &drou es edceegisiomp otsa t

on
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matrix storage. If this nonber is set too high, storage is wasted. If it is set too low, PEST
ceases execution with an error message when allocated storage is full.

It is often difficult to know ahead of time how many rzgro elements the Jacobian matrix

will possessin previousversions of PEST it was necessary t@woenmence execution from

the very start of the parameter estimation proeds=n this error message was encountered

Hence any model runs already undertaken in Jacobian matrix computation were wasted. In
versiors laer than 11.0PEST execution can be.ceo mme nced usi ngwitthhe A/ s
after altering MAXCOMPDIM upwards in the PEST control file. Thus no model runs are

lost.

2.22 SVDA- Automatic Super Parameter Derivatives
Computation

Under certain circumstanget is possible to eliminate the need to calculate super parameter
sensitivities by finite differences on the first iteration of an SA#3isted parameter
estimaton exercise. In particular, if

1. SVDA_EXTSUPER is set ta value other than Indicating thatsuper parameters are
calculated by PEST on the basis of a base parameter Jacobian amakrix

2. this matrix pertains to the same observations and prior information equations as those
featured in super parameter PE&nhtrol file,

then derivatives of superapameters can be calated from bas@arametersensitivities,
eliminating the need for them to be calculatisthgfinite differencesFortunately, these are
the most common conditions in which S\é3sisted parameter estimation is undertaken.

A new conto | vari ablassnstaesé@s&wvbDon of the PEST
functionality whereby PEST is able to dispense with firdtBerence calculation of super
parameter sensitivities during its firgieration, calculating these from bagarameter
sensitivities insteadThe name of this variable SVDA SUPDERCALC it is the fourth
variable to appear on ¢h third line of this section (immediately following the
SVDA_EXTSUPER variable (see below for a refresher on S\@dAirol variables)If it is

omitted or set to zero, then super parameter derivatives calculation takes place through finite
differences in the usual manner during the tygimisationiteration of the inversion process.
Howeverif it is set to 1, then PEST calculates supsmameter derivatives internally for the

first iteration of the SVEassisted parameter estimation processioving the necessity for

any model runs to be undertaken in calculating these derivatives.

The SVDA _SUPERDERCALC variable is recorded in bold infiS&%Das si st 06 secti
the PEST control file reproduced below.

* svd assist

case .pst

case .jco

0 21 1

The SVDAPREP utility has been upgraded to reflect thisaesvpect of -aBSBISTO S S
functionality. Unless the user informs SVDAPREP that supgrameters are to be supplied
externally, it now prompts:

Automatic calc. of 1st itn. super param. derivs? [y/n] (<Enter> if "y") :

| f the user responds with Ayo or <Enter> to
SVDAPRERgenerated PEST contrile. Otherwise it is set to 0.
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2.23SVDA'T Super Parameter Definition through SVD

As has been explained elsewhehe last line of ta A SV D sectosgof asPEST control

file contains four variables, theird of whichis named SVDA EXTSUPERThis variable
informs PEST how super parameters are to be form&V/IXA_EXTSUPERIs set to 1, then

super parameters are read from an external file. However if it is set to any other value, these
are calculated internally by PEST on the basis of seitgtsupplied irthe Jacobian matrix

whose name appears on the previous line of the PEST contrgWitie any sensitivities
pertaining taregularisatiorobservations omittefifom this calculatioh

In previous versions of PEST, setting SVDA_EXTSUPERedm caused PEST to formulate
super parameters through singular value decompositiol'@X, whereX represents the
base parameter Jacobian matontained in the nominated base Jacobian matrixREST
functionality is now such thahese are calculadeon the basis 02X instead The result
should be the sambpwever their computation will often be much quiclespecially where
parametersutnumber observations. Also, memory requirements can be much smaller.

Should the user desire that super pat@mdefinition take place on the basisXdX, this
can be requested by setting SVDA_EXTSUPER to 3.

2.24 SVDA - Using LSQR for Super Parameter Definition

If SVDA_EXTSUPERIs set to 2, PEST calculates super parameters using thenfiigb
vectors computed by the LSQR algorithm, wheres the number of super parameteited

in the PEST control filelf SVDA_EXTSUPERIs set to-2, these vectors are orthogonalised
before being employed for definition of super parameters.

In cases where theumber of base parameters is every high, use of the LSQR algorithm for
super parameter definition may result in faster computation of fazaeneters

SVDAPREPOGs operations have been slightly alt
as that disussed in the previous section of this addendufm}he user indicates to
SVDAPREP that a prdefined super parameter file does not exist, SVDAPREP asks the user

how PEST should calculate super parameters. The following options are provided:

For computa tion of super parameters: -
if SVD on Q*(1/2)X - enterl

if SVD on XtQX - enter 2
if LSQR without orthogonalisation - enter 3
if LSQR with orthogonalisation - enter4

Enter your choise (<Enter> if 1):

These optiongorrespond to SVDA_SUPDERCALC settings of 0, 3, 2 @hkespectively.

2.25 SVDA- A Refresher on Control Variables

Four SVDA control vari ables appear on the t
PEST control fileThese are (in ordeif appearancen this ling:-

SVDA_MULBPA SVDA_SCALADJ SVDA_EXTSUPER SVDA_SUPDERCALC
For ease of reference, their roles are briefjyeatedNote that all of them are integers.
SVDA_MULBPA

SVDA MULBPA mustbe setto either Oor 1. Ifitissettdllena s er i es od ABPA
be recordedh the course oftte parameter estimation process, each containing base parameter
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values as estimatetiringsubsequent iterations.
SVDA_SCALADJ

This must be set to £4, £3, £2, +1 or 0. It sets the type of parasuaérg that is undertaken
in super parameter definition. Where some parameters are nthisformed, parameter
scaling is essential.

SVDA_EXTSUPER

The SVDA_EXTSUPER control variablstipulates the manner in which super parameters

are computed; imust be set td, 1, 2,-2 or 3. If it is set to 0 PEST computes super
parameters on the basis of singular value decompositid@“8k where X is the user

supplied base Jacobian matrikit is set 1 PEST reads super parameter directions from an
externd f il e. I f it is set to 2 PESTWOcoewpubes
computed by the LSQR algorithm. These are first orthogonalised if SVDA EXTSUPER is

set to-2. If it is set to 3 PEST computes super parameters on the basi@xt

SVDA_SUPDERCALC

This must be 1 or Of it is set to 1 (andBVDA_EXTSUPER is not set t9 IPEST calculates
super parameter derivatives from base parameter derivatiwasg the first optimisation
iteration of the parameter estimation proce3$sis saves as amy model runs as there are
super parameters.

2.26 SVA i Model-Calculated Derivatives

2.26.1 General

In previous versions of PESMe use of external derivatives functionality in conjunction with
SVD-assisted parameter estimation was not allowed. This was based on the fact that when
undertaking SVEassisted parameter estimation PEST is actually estignadlues for super
parametergof which the model has no knowledge) while the model sepgérivatives with
respect to base parameters.

Modelgeneratedlerivatives can now be employed when PEST is undertaking &¢Bted
parameter estimation, provided super parameters are ndiesupgternally ie. provided
SVDA _EXTSUPER is not set to 1). When this is done PESfbnmaulates super parameters
during each iteration of the S\assisted parameter estimation process, and calculates
derivatives with respect tdhese super parametersnothe basis of the same linear
combinations of base parametexrs are employed for definition of the super parameters
themselves.

External derivative functionality isactivated in the same way as itftis non-SVD-assisted

parameter estimation. That the JACFILE variable on the fifth line of the PEST control file

is set to 1.As well as thisthe DERCOM valudor all super parameteisn t he HApar am
dat ao ofthecRESTocontrol filsshould be set to zero; thus PESTprevented from

calculating ay super parameter derivatives by finite differences.

The following should be noted.

1. In normal operation, PEST allows two npero JACFILE settings. If JACFILE is set
to 1 then derivatives are expectedAEST derivatives file format. If it is set to, 2
derivatives are expected in JUPITER derivatives file format. At present, the second



Alterations and Upgrades to PEST 33

option is not allowed with SVDA. This is not expected to be a disadvaniage
there is a large computatior@alerhead in reading a JUPITER derivatives lfideause
parametes and observations can, theoretically, be arranged in any order.

2. When used in a ne8VDA context, a value ofl.11e33 in an external derivatives file
indicates that the derivative is not supplied in that file; thenpresumed that PEST
calculates thederivative using finiteparameterdifferences. This option is not
available when external base parameter derivatives are supplied in the SVDA setting,
because PEST has no way of calculating fidifeerence derivatives for base
parameters. If such a valiesuppliedin a derivatives fildlP ES T wi | | gi ve an
rangeo erroan mpeesaeqpde.l y(Iminded to buil d
ma n a gvhich allows derivatives calculation to take place outside of PERAN
finite difference and modalalculated derivatives could eexist for base parameters
This would facilitate operation of PEST with composite models, some of which can
supply their own derivatives while some canrgrivatives calculation for the latter
could then be parallelized for gteacomputational efficiency.

3. When undertaking SViassisted parameter estimation with external derivatives, it is
still necessary for a set of original base parameter derivatives to exist in a JCO file
prior to the commencement of PEST execuiignst asin normal SVDA operation.
These derivativesare used for initial definition of super parameterdgnitial
computationof super parameter derivativeand for the setting of internal parameter
scaling variablesWhile this is a little cumbersome it constég minimal departure
from normal PEST operation; greater departures would require more ptofou
programming changes to PEST than those which have already taken place.

2.26.2Alterations to SVDAPREP

If the JACFILE control variable is set to 1 in a baseameter PEST control filghose name
is supplied to SVDAPREPSVDAPREP will write a PEST control file for S\V(Bssisted
parameter estimation in which external derivatives computati@scsactivated Note the
following facets of SVDAPREP operation undeese conditions.

1.1 f JACFILE i1s set to 1 in a base par amej
command | ineo section must be present wit
2. Both the model command (in the HAmodel co
contro | file) and the derivatives command (i
of the base PEST control file) must be the names of batch (on a PC) or script (on a

UNI X platform) files. I n the f dabmer case

3. In normal ¥YDAPREP operation the model batch file is supplemented with
SVDAPRERgenerated commands to run PARCALC and (if there is prior information
present in the base PEST control file) PICALC. Commands are also added to delete
PARCALC-generated model input filesn doing this, SVDAPREP writes aew
model batch file namedvdabatch.batThe contents of the derivatives batch file are
supplemented in asimilar manner; the new derivatives batch file is named
svdabatch_d.bat

4. l rrespective of wkstkemmamdnoéi naofidect val
base PEST control file, if JACFILE is set to zero irs file, the DERCOM variable
for all super parameters is set to 1 in 8 &DAPRERgeneratedsuper parameter
PEST control file, thereby instructing PEST to qute derivatives for alsuper
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parametersising finite differences. Alternatively, if JACFILE is set to 1 in the base
parameter PEST control fil§VDAPREP supplies ®ERCOM value of zero taall

super parameters, thus requiring that the model supply teesdor all of them. In

fact, as discussed above, the model provides base parameter derivatives and PEST
computes super parameter derivatives from these.

5. As noted abovejf base parametederivatives are computed externalREST re
defines super paranegs during every optimisation iteratioand computes super
parameter derivatives from base parameter derivafiless PESEffectivelysets the
SVDA_SUPDERCALC control variable to 1 internally, whether or not it is set to this
value in thebaseparametePESTcontrol file. SVDAPREP does not therefore ask the
user whether super parameter derivatives are to be calculated automatically for the
first PEST optimisation iteratioi JACFILE is set to lin the PEST control file to
which it is directedfor thisquestion is irrelevant under these conditions.

There is a nuance of SVDAPREP operation of which the user should be aware. If JACFILE
is set to 1, then prior information cannot be added to a base parameter PEST control file after
the JCO file has been wett and before SVDAPREP is rufThis is a relatively unusual
situation) If JACFILE is set to 1PEST requires that prior information derivatives actually be
stored in the JCO file. The same applies if SVDA SUPDERCALC is set to 1. However
where super paraster derivatives are computed using finite differences, this is not required.

2.27 Broydends Jacobian Matrix Up

2.27.1 General

Il 6d | i ke to thank Brian Skahil!/ from USACE,
Wisconsin, La Crossér bringing this methodology to my notice. At the time of writing,

limited testing has shown that this technique can increase PEST efficiency a great deal in all
of its modes (i.e. estimation, predictive analysis segllari@tion mode3. Therefore, itis
recommended that it be implemented as a matter of colineemethod is briefly described

below. See alse:

Madsen, K. and H.B. Nielsen, 2004. Methods for Nlorear Least Squares. Inforties and
Mathematical ModellingTechnical University of Denmark.

Skahill, B.E., and Baggett, J.S. (2008)lore Efficient Derivativebased Watershed Model
Calibration, Eos Trans. AGU, 87(52), Fall Meet. Suppl., Abstract 1521.

2.27.2 Description

During evey iteration of the parameter estimation process, PE@Wputes derivatives of
model outputs with respect to all adjustable parameters. It then computes upgrades for
parameter valuesnd tests the efficacy of these upgrades by running the model using these
trial parameters. If the objective functiglowered the upgrade is provisionally accepted.
Furtherupgrade attempts angsually made, normally on the basis of extra valuwéshe
Marquardt lambda.

If a modelis linear, PESTshould be able to reduce the objective function to zero in just one
upgrade attept of one iterationBut rarely is this the casdecausederivatives that are
computed at one location in parameter space are not quite applicattieerlocatiors in
parameter space. Thus after a suitable parameter upgeatts has been selecteat me
location in parameter space (this resulting in a ledebjective function)derivatives are re
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computecat the upgraded locatioand anotheoptimisationiteration is undertaken.

On any occasion that a parameter upgrade is attempted, there is goropp improve the
current set of parameter derivatives encapsulated in the Jacobian matrix, simply on the basis
of the information that has been obtained from that upgrade att@imptupgrade vector
defines a secant in parameter space, the slopehishwan be employed to improve the
components of parameter derivatives projected onto that direction. After undergoing revision
on the basis of this new information, the updated Jacobian matrix can be employed for
computation of subsequent upgrade vectthereby hopefully making these subsequent
parameter upgrade attemgtomputed on the basis of different Marquardt lambdas)e
effective. When upgrade attempts have been exhausted, anmptiemisationiteration is
commenced and all parameter derivesivare recomputed on the basis of the upgraded
parameter sets a hewoptimisationiteration is commenced

Let J be the current Jacobian matrix computed on the basis autihentparameter sep.
Supposethat a trial set of parameterpnew has just been computed on the basis of this
Jacobian matrixn conjunction witha particular Marquardtambda. Define the upgrade
vectoru as:

U =Prewl P
Let the vectorso,e, and o represent model outputs (corresponding to field observations)
computedon the basis oprewandpr especti vel y. | mpl ement ati on

update process results in the production of a new Jacobian tairigalculated as follows:

Jnew=J +wu!
where

1
wW=——-0,,.,- 0- Ju
Utu( new )

Jnew IS then employed in computation of further parameter upgatidepts made during the
currentoptimisationiterationusing the theory presented in chapter 2 of the PEST manual.
22731l mpl ement ati on of Broydends Update

The arrangement of variables empldyei n t he #Acontr ol dat ado sect
is shown below (with optional variablggacedin square bracketsp new variable named
JACUPDATE (shown in bold below) controls the operation of the Broyden Jacobian update
procedure in PEST.

* co ntrol data

RSTFLE PESTMODE

NPAR NOBS NPARGP NPRIOR NOBSGPVAXCOMPDIM]

NTPLFLE NINSFLE PRECIS DPOINT NUMCOM JACFILE MESSFILE
RLAMBDA1 RLAMFAC PHIRATSUF PHIREDLAM NUMLAMIACUPDATIE
RELPARMAX FACPARMAX FACORIGBOUNDSTICK UPVECBEND]
PHIREDSWH] NOPTSWITCH] [ DQAUI]

NOPTMAX PHIREDSTP NPHISTP NPHINORED RELPARSTP NRELPAR
ICOV ICOR IEIG

Variables in the ficontrol datao section of t
If JACUPDATE is omitted or set to zero, Broyden updating will not oclfut.is set ton
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wheren is a positie integer, it will occur immediately following the first parameter
upgrade attempts made durireyery optimisation iterationon the basis of different
Marquardt lambdadf it is not set to zero, it is suggested tAACUPDATE be st to 999s0
that the Jacobian matrix is updated after every parameter upgrade attempt.

Limited experience to date has shown that Broyd@robianupdating works well in most
parameter estimation contexts, including all modeRBST behaviour, and whether or not
devices such as fautomatic wuser Il nterventio
estimation contexts. However its performance does not appear to lxeneficial where

singular value decomposition or LSQR is employed as a solution device. On thaantte

it appears to work well with the S\V(Bssist solution methodology. Feedback on this would

be welcome.

2.28 Parameter Sensitivity RdJse

2.28.1 General

If a model takes a long time to run, any opportunities to dispense with unnecessary model
runsshal d be taken. JRdefidctosalitypeonides duch an opppriumite

If, during one particular iteration of the (regularized) parameter estimation or predictive
analysis process undertaken by PEST, PEST detects that the composite sensitivértain
parameters are low, then it can be instructed not to waste a model parhaps two model
runs if central derivativesomputation iemployed in computing sensitivities with respect to
that parameteon the next occasion that the Jacobizatrix must be filledThis can occur if

P E S Tsénsitivity reusefunctionalityis activated. However, no matter what gensitivity
distribution of parameters, sensitivities for all parameters will beoneputed everyN
optimisationiterations, wheré\ is set by the use(Note that Broyden updating, if activated,
will still incur parameter sensitivity improvements for all parameters every iteration,
regardless of the sensitivity-tse setting.

2.28.2 Activating Sensitivity ReUse

Sensitivity reuseis activatedby setting the DOSENREUSE variable on éwghthline of the
PEST control file to @Asenr eonsimpl.omitted, thenhi s i
sensitivity reuse will not be activated.

The location of the DOSENREUS¥Hariablewithin thefic ont r o | dat ao secti
control file is shown below.

* control data

RSTFLE PESTMODE

NPAR NOBS NPARGP NPRIOR NOBSGP [MAXCOMPDIM]

NTPLFLE NINSFLE PRECIS DPOINT NUMCOM JACFILE MESSFILE
RLAMBDA1 RLAMFAC PHIRATSUF PHIREDLAM NUMLAM [JACUPDATE]
RELPARMAX FACPARMAX FACORIG [IBOUNDSTICK UPVECBEND]
PHIREDSWH [NOPTSWITCH] [DOAUI] [DOSENREUSE

NOPTMAX PHIREDSTP NPHISTP NPHINORED RELPARSTP NRELPAR
ICOV ICOR IEIG

Variables in the Acontr ol datao section of t
The following should baoted.
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1. Any or all of the NOPTSWITCH, DOAUI and DOSENREUSE variables can be
omitted from theeighthline of the PEST control file.

2. The DOAUI and DOSENREUSE variables can be placesithrerorder. However if
the NOPTSWITCH variable is present, it must gk them.

2.28.3 Sensitivity ReUse Variables

A number of vari abl es gover n rusepflnetionalityt at i on
These can be supplied in a speci al Asensit
interventi ono soatolfile,ahs sextion darhbe onkttedSifTdesired. In that

case PEST employs default values for sensitivityse variables.

| f present, the fAisensitivity reuseo section
section. If afisingular value deompositiom section is present, the location ofstisection

with respect to the fAsens.|Hhowever¢agh offtleeseseiIsti s e c
precede an fAautomatic wuser i ninaePESTecontralften 0 s ec
Theymust al so precede an ASV.D assisto section

|l rrespective of whether a fAsensitivity reu
sensitivity reuse functionality will not be activatedhlessSDOSENREUSE i n t he i
datao section of the PEST control file is pr

Thearrangemenb f v ari ables within the Asensitivity
shown below. Following thas an example of such a sectisimowing default values for the
variables governing its operation.

* sensitivity reuse
SENRELTHRESH SENMAXREUSE
SENALLCALCINT SENPREDWEIGHT SENPIEXCLUDE

Arrangement of wvariables within the fisensit.i

* sensitiv ity reuse
0.15 -1
3 -1.0 yes

An example of a fAsensitivity reuseo -ssecti on,
variables.

The oles of each of these variables)\@v discussed in detail.

SENRELTHRESH

This denotes the threshold of parametemposite sensitivity(relative tothe maximum
composite sensitivityof any parametgrat which sensitivity reuse is activated for any
parameterThat is, f the composite sensitivity ofng parameter, relative to that bighest
composite sensitivity, isqual to olless than this threshqlthen that parameter is a candidate
for sensitivity reuse on some PEST iterations.

SENRELTHRESHcan be set to anyonnegative value. Howevehere is no use in setting

its value above.G; if it is set to1.0 orabove, then the number of parameters for which
sensitivity reuse is active on any iteration is set eitiroy the SENMAXREUSE variable,

as therelativecomposite sensitivity of all parameters is, by definition, less than the threshold.
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SENMAXREUSE

This is the maximum number of parameters for which sensitiviyseeis activated on any
onePEST iterationlf it is set to a negative numhehen PEST automatically sets it to half
the number of adjustable parametérshould notbe set to a value greatdran the number
of adjustable parameters minuslfiit is set to zero, PEST will terminate execution with an
error message.

If more parameters than SENMAXREUSE incur candidature for sensitivity reuse through
possession of composite sensitivities less thiaequal tothe RELSENREUSE threshold,
then parameters are eliminated from candidature in order of composiigvggngrom
highest to lowest, such that the total number of parameters for which sensitivitiesisee re

is equal to SENMAXREUSE.

SENALL@ALCINT

SENALLCALCINT denotes the optimisation interval at which all parameter sensitivities will
be recalculated, regardless of theelative composite sensitivitied, for example, this is set
to 3, then all parameter sensitivities will berquuted onterations 1, 4, 7, 16tc.

SENPREDWEIGHT

As is described in the PEST manual, the composite sensitivity of a parameter is obtained by
summing elements of the column of the Jacobian matrix pertaining to that parameter, with
each elemenin a columnmultiplied by the square of the observation weigéttaining to

that column|f PEST is being employed in predictive analysis mode, the question then arises
as to what weighthe predictive sensitivit element in each columshould be given.
Presumably, the welig should be high enough for it to be visible in the composite sensitivity

of any parameter, for getting sensitivities of the prediction right may be critical to raising or
lowering that prediction as required by the predictive analysis process. Hentefeasahat

are critical to that prediction may not be good candid&tessensitivity reusefor their
sensitivitiesshould be recalculated during every optimisation iteration instead.

SENPREDWEIGHT is the weight to assign to the prediction in computation of composite
parameter sensitivities when PEST is rupiiedictive analysisnode. If it is set to a negative
number, PEST will compute its weight as equal to the maximum weight assayaryother
observation (including prior information if

SENPIEXCLUDE

If a PEST control filecitepr i or i nf ormation, then a SENPIE
instruct PEST not to take any account of this prior informattben determining composite
parameter sensitivities for the purpose of deciding parameter candidates for inclusion in the
sensitivity reuse process.

It should be notedthat, rrespective of any sensitivity reuse settings, regularisation
observations andfoprior information equations are never included in the calculation of
composite parameter sensitivities for the purpose of deciding candidature or otherwise for
parametesensitivityre-use.

2.29Regqularisation Convergence Adjustment

Under normal circumances, when working iregularisatiormode, PEST ceases execution
immediately if the measurement objective function falls below its-siga@plied target value
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of PHIMLIM. Therefore it does not undertakether iterations in an attempt to lower the
regularsation objective functionany further inorder to maximize the extent to which
parameters adhere to the preferred condition that is encapsuleg¢edlarisatiorconstraints.

There are some circumstances, however, whengmization of the regularisationobjective
function is just as important as allowing the measurement objective function to reach
PHIMLIM. In these circumstances, PEST should continue with the parameter estimation
process until some other convergence criterion is met (for example thatgiars cease to
change noticeably between iterations, or that neitherr¢bgalarisationnor measurement
objective function changes noticealbgtweeniteratiors). This can be achieved through

setting the REGCONTINUE variable to Acont.
* regularisation

PHIMLIM PHIMACCEPT [ FRACPHINI [ MEMSAVE [ CONJGRAP [ CGRTOL [ CGITNLIM]

WFINIT WFMIN WFMAX [LINREG] [ REGCONTINUE

WFFAC WFTOL [IREGADJ

Variables in the Aregul arisationo section
The above figure shows the locations of all control variabtesipyingt h eegui@ri@ t i on o
section of the PEST control file; optional variables are depicted in square bradkets.
REGCONTINUE variable (shown in bold) is placed on the third data linki®fsection. Its
location is interchangeable with that of the LINREG variable. In fact, if the LINREG variable

is omitted from theregulari@tion section of a PEST control file (as it normally is),
REGCONTINUE can be placed immediately following the valfe the (mandatory)
WFMAX variable.

| f present, REGCONTI NUE must be supplied a
it is assumed to be PAnocontinueo,; i n thi
measurement objective function falls below RHI | M. | f it is set to

PEST will continue iterating, trying to improve tinegularisationobjective function, until
some other convergence criterion is met.

2.30 New Termination Criteria

Two new (and optiona) termination control variabte named PHISTOPTHRESHnd
PHIABANDON havebeen added to the fAcontr ol dat ao
Thesearelocated on line 9 of the PEST control file, ajonith other termination variables.

These, and another newaviable named LASTRUNare shown highlighted in the figure
below.

* control data

RSTFLE PESTMODE

NPAR NOBS NPARGP NPRIOR NOBSGP [MAXCOMPDIM]

NTPLFLE NINSFLE PRECIS DPOINT NUMCOM JACFILE MESSFILE

RLAMBDA1 RLAMFAC PHIRATSUF PHIREDLAM NUMLAM [JACUPDATE]

RELPARMAX FACPARMAX FACORIG [IBOUNDSTICK UPVECBEND]

PHIREDSWH [NOPTSWITCH] [DOAUI]

NOPTMAX PHIREDSTP NPHISTP NPHINORED RELPARSTP NRELPARPHISTOPTHRESH] [LASTRUN] [PHIABANDON]
ICOV ICOR IEIG

Variables in the Acont contlolflé.at ad section of

If PHISTOPTHRESH is set to a positive number, PEST will cease execution if the objective
function falls below this value at the dnof any optimisation iteration(This criterion is
applied to the measurement objective function if PESTnsniregularisation mode) If it

nu

of

S
S
i
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is set tozero ora negative number it is ignored. Note that an error condition will occur if
PHISTOPTHRESHS set to a positive numbevhile PEST i s asked to run
anal ysiiso mode

Another new (integerdontmol variable can follow PHISTOPTHRESH on th8 kne of the

PEST control file; this is the LASTRUN variable. If LASTRUN is set to zero, then PEST will
not undertake a final model run on the basis of optimised parameters upon termination of
executionlf it is not set to zero it must be set to one (its default value).

PHIABANDON optionally follows LASTRUN. If, at the end dlfie first model run, andny
optimisation iteratiorthereafter the objective functiotfor measurement objective function if
PEST is run i n 0 isealgouel PAIABASIRAN] PESD willntermiiea)e
execution.Set this to a very high number, or tm@n-positivenumber(or omit it altogether)
for it to have no effect.

PHISTOPTHRESHPHIABANDON and LASTRUN can be useful in conjunction with null
space Monte Carlo analysldsing PHISTOPTHRESHhe optimisation process can be made

to cease (without the carrying out of a final model MULASTRUN is set to Q if the
objective function isreduced to a level at which the user hasnded the model to be
calibrated; PEST can then move on to its next @mthe other hand if, on undertaking the
initial model run using a certain set of random parameters, the objective function is so high
that t is unlikely to be lowered efficiently to a state at which the model can be considered
calibrated, that PEST run can be immediately abandg@rsig PHIABANDON)in the hope

that the next random parameter set offers more hope.

Note that if PEST abandons ¢h paramedr estimation process in response the
PHIABANDONs et t i ng, it wi | | not undertake a fin.
parameters, irrespective of the usapplied LASTRUNS setting.

If desired, a user can supply PHIABANDON values ontaration by iteration basis. Thus,

for example, a user may decide that if the objective function is lower 10@®0 when

calculated usingnitial parameters, then it is worth proceeding with the parameter estimation
process. On the other hand if the alijpe function has not dropped to 2000 by the end of the

second iteration, then the parameter estimation process should be abandoned. In this case, a
filename can replace the value of the PHIABAND®&tiableon the §' line of the PEST

control file; PEST hen reads iteratieapecific PHIABANDON values from the cited

APHI ABANDON schedule fileo, an example of wh

10000.0
10000.0
2000.0

An example PHIABANDON schedule file.

Entries in a PHIABANDON schedule file should be listed one to a line. Each represents the
PHIABANDON value pertaining to sequential iterations, starting with the zeroth iteration
(i.e. the initial model run). The third entry thus pertains to the secoradiate Thus, in the
above example, if the objective function is above 10000 at the end of the first model run or
the end of the first iteration, PEST will abandon the parameter estimation process.
Furthermoreif, at the end of the second iteration thgeobve function is above 2000, it will

also take the opportunity to abandon the process.

The following should be noted.

9 If there are more entries in the PHIABANDON schedule file than the maximum
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number of iterations assigned to the current parameter agsirmprocess (i.e.
NOPTMAX), PHIABANDON will ignore lines after NOPTMAX+1.

9 |If there are less than NOPTMAX+1 lines in the PHIABANDON schedule file, PEST
will assign to missing iterations the last PHIABANDON value read from the file.

1 A zero or negative PHIBANDON value (or a very large value for that matter) can
be used to signify that parameter estimation abandonment is not active during the
pertinent iteration.

2.31 PSLAVE CommandLine Option
If PSLAVE is started using the command:

pslave /n

it will not cease execution upon termination of PEST execution. This can be useful in
circumstances where many Parallel PEST runs must be undertaken in succession (for
example in calibratiortonstrained Monte Carlo analysis). The runs can then be undertaken
within a loop writtento a batch or script file. Meanwhile, the slaves need only be started
once beforethe batch or script file is activated.

2.32 New Jacobian Matrix Save Option

The Il ast | ine of the Acontrol dat abefoamrecti on
variables, namely ICOV, ICOR, IEIG (and maybe the optional IRES varigkieadditional

variable can now be placed on this line, this being named JCOSAVEITN. JCOSAVEITN is a
character variable which shoul# suppliedas either of two charactetrimgs, these being

Aij cosaveitno or fAnojcosaveitno. I f the for m
matrix file (i.e. aachbplindzatiorf iterhtier) this antaininghtiee e n d
Jacobian matrix employed for that particularrateon. The name oftach suchfile is

casegjco.N whereN is the iteration numbetio which the JCO file pertainglternatively, if
JCOSAVEI TN i s set to Ainojcosaveitno or o mi
progression of JCO files in this manner.

Thefollowing should be noted:

1. The JCO file containing the Jacobian matix corresponditigetiberation at which the
best parameter set so far was computed, is saved to a file rasecb in theusual
manner, irrespective of the setting of JCOSAVEITN.

2. The JCOSAVEITN variable can be placed anywhere on tHe i@ of the PEST
control file. However it is recommended that it be placed after the values of ICOV,
ICOR, IEIG(and IRESHT the latter is present)

JCOSAVEI TN should be set to Ajcosaveitno if
employed for monitoring of changes ¢compositeparameter and/or observation sensitivities
as theparameter estimation process undertaken by RE&Jresses.

2.33 Interim Residuals File Save Option

I n addition to the JCOSAVEI TN variabl e, t he
PEST control file can now contain another variable, this variable having a function which is

not too dissimilarfrom that of the JCOSAWEITN variable The name of this variable is

REI SAVEI TN. This is a text variable which ca
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(or omtted altogether, whichisequiaint t o a set j}ing of fireisave

As is documented in the PEST manual, PESTiwt es an(t hREI bei hgo an
resi dudt the end of everpptimisation iteration. This records observations and
corresponding model outputs computed for the best parameters achieved in theat@timi
procesaup to that iterationRegardless of the setting of REISAVEITN, this file is saved (and
the previous oneverwritter) at the end oévery iterationits name icaserei wherecaseis

the filename base of the current PEST control file. However if REISAVEITN is set to
Ar ei s,aherthis same file is also savedcaserei.N whereN is thecurrentiteration
number.Thus at the end of the parameter estimation process, a sequence of files remains
the PEST working directorywhich collectively document the history of modet
measurement misfit for every observation within the PEST input dataset.

The JCOSAVEITN variable can be placed anywhere on tHdid® of the PESTcontrol file.
However it is recommended that it be placed after the values of ICOV, ICOR, IEIG (and
IRES if the latter is present).

2.34 Group-Specific Target Measurement Objective Functios

2.34.1 General
When PESTis run in regulari@tion mode a value ust be supplied for the PHIMLIM

fi

vari abl eregulanattifoen o0l secti on of Thih s thEeEGE cont

measurement objective function. As described in the PEST manual, when running in
regulari@tion modethe parameter estimation problem sformulated as a constrained
minimisation problem. In this problem PESTS asked to minimes the regularigtion
objective function subject to the constraint that the measurement objective function rises no
higher than PHIMLIM.In practice PHIMLIM may note attainable, in which case PEST
lowers the measurement objective function as far as it can. If it is obtainable, PEST ceases
execution as soon as the measurement objective function falls below PHIMLIM
Alternatively, PEST can be asked to continue the énsion process until theegularigtion
objective functionis as small as it can behile the measurement objective function is
simultaneouslymade as close gsossibleto its target; this is effected througletting the
REGCONTI NUE variable to ficontinueo.

In some instances it can be useful to set the target measurement objective function on an
observation group by observation group badisen this is donePEST is asked to monitor

the performance of the inversion process in lowering each drasgd comprent of the
measuremenobjective function to its grouppecific targetlf one such target it not being

met, PEST raises the weights assigned to membehe gfertinenbbservatiorgroupis that

the overall objective function penalty incurrdgloughnot meetng that targets greater, thus
providing PEST with more incentive to actually meetTihis, of course, provides no
guarantee that the target will be met. However it does place greater emphasis on the meeting
of as yet unmet targets than would othise be the case.

When weights are altered, so too does the current value of the measurement objective
function, as indeed do target measurement objective functitoweever when undertaking
observation weights adjustmantthe manner described aboWRES ensures that the overall
target measurememtbjective function (which is equal to the sum of grespecific target
measuremenbbjective functions expressed in terms of original measurement weights as
supplied in the PEST control file) does not chang#ile reporting the revisedurrent
measurement objective function to the screen and to its run record file at all stages of the
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parameter estimation process, it also reports the measurement objective fusation
groupspecific components thereafs calculated from original weights, both during and after
the parameter estimation process. The metric by which success of the constrained
optimization process is judged is that these individu&asurement objective function
components approach (or dess than) their grougpecific measurement objective function
targets (whichas is stated abovarecalculated on the basis of original weights as supplied

in the PEST control file In the meantime, if the measurement objective function, as reported
on all attempts to upgrade parameters using different Marquardt lambdas, is lower than the
initial target (obtained through summation of individual grsppcific targets) then so too

will bethe measurement objective function calculated using initial weight

The following should be noted.

1. Groupspecific measurement objective function targets must be supplied foorall
regularisatiorobservation groups, or for none of them.

2. A groupspecific measurement objective function target must not be sugdplied
regularigtion group.

3. Groupspecific measurement objective function targets can only be supplied if PEST
i s rregulaignt ilono mode.

4. If group-specific measurement objective function targets are supplied, values for
PHIMLIM and PHIMACCEPT as supplied it h eegui@rit i ond secti on
PEST control file are ignored. PHIMACCEPT is internally set to 1.05 times the total
measurement objective function target value.

5. 1 f a value is suppl regubari@ftoiro nOPR ASGRHIi M ni no ft
control file, this is respectedhus if FRACPHIM times the current objective function
is greater than the overall target measurement objective function, the former is
accepted as thhemporarytarget for the current optimisation iteration.

6. Internal weights rassigiment by PEST will never be such that weights for any
observatiorgroup are increased by a factor of more than 128 or reduced by a factor of
128 from their original valu® The increase/reduction factor per iteration is never
greater than 2.0.

7. Unless IREGONTI NUE is set to fAcontinueo PEST
total measurement objective function falls below the total target measurement
objective function; no account is taken of whether grepgeific measurement
objective functions are below thegroupspecific targets.

The use of growgpecific measuremertdbjective function target€annot in themselves
guarantee thahesetargets are all simultaneously met. However they can certainly provide

some assistance to the optimization process in dolidhis result. The user should try,

however, to minimize the need for measurement weigtjustment by choosingriginal

weights and groupspecific targetsin a manner that is considered optimal prior to
commencement of theptimisation processFor exanple, if it becomes apparent that a
group-specific measurement objective function is very easily met, then that target should be
reduced rather than being a source of unnec
total measurement objective functionget.

2.34.2 Implementation
Groupspecificmeasurement objective function targets s t be supplied in t
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groupso sect icantnol fief Each bueh tddgetSnust be placed immediately
following the name of a neregularisation observation grouff. a covariance matrix is
supplied for that group, the name of fhertinentcovariance matrix file must follow the e
of the groupspecific measurement objective functiamget The following figure shows an
example.

* observation groups

obs _gp_145.00

obs_gp_2 67.00 covmat.dat
obs _gp _367.00

regull

regul2

regul3

Thefiobservati on gr oup santrolsfie,cshowingnthe aige ofagrodpE S T
specific measurement objective functioargets.

2.35 Bad Derivatives Damage Mitigatiorn 1

2.35.1 General

Use of the GausklarquardiLevenberg method on which PEST is based is predicated on the
assumption that modelutputs are differentiable (or at the very least continuous) with respect

to model parameters. However often, because of poor model performance, this is not the case.
Lack of differentiability can be incurred by at least the following (and mamgrpaspects of

model behaviou:

1. lack of convergence of iterative solvers;

2. adaptive time stepping (particularly for models which simulate groundwater/surface
water interactioy

3. dry cells (if using the USGS MODFLOW groundwater model);
4. particles (if using the USGEBODPATH particle tracking model).

The JACTEST, POSTJACTEST and MULJCOSEN utilities can be used to explore the
existencgor otherwise) of this problem.

Bad derivatives express themselves in various ways during a REBSMore often than not

however, a sudden refusal by PEST to lower the objective function any further (possibly
accompani ed lbryo uan diob ooufnctihneg obj ect i Mamguafdunct i o
lambda) is a sign of its presence.

For many models, analysis using JACTE&Wealsthat contamination of derivatives by
numerical noise is not necessarpyrely random.The first of the following two figures
illustrates a graph of one line of a JACTEST output table in which derivatives are
contaminated by purely random noisee thecond part however shows the more common
situation, in which a plot of model outputs against incremented parameter value shows
segments in which derivatives do indeed have intedtitg.only in thevicinity of points (a)

and (b) in this figure thatetivatives are not useable; elsewhere they are indeed fit for use in
the parameter estimation processrthermore, it is common experience that such aberrations
in slopes exist only betweareighbouringpairs of points, and do not occur over parameter
spae distances comprised twfo or moreinter-point segments.
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Plots of model outputvs. parameter value from a JACTEST output file.

For situations described by the second of the above figabesrantderivatives behaviour

may be easily recognised whetedepoint derivatives computation is taking place. For a
particular paramet, threepoint derivatives computatiomill occur from the beginning of the
parameter estimati on palways @dos thei gfoup ROONRIChEINe | s
parameter belorsy However more commonlfPEST commences the parameter estimation
process with twepoint derivativedor all parameterand switches to thregoint derivatives

for all parametersnly if the parameter estimation processproceeding very slowly. This
behavour occurs whefrORCEN(for all parameter grougs settofi s wi t ¢ h 0 .

Where threepoint derivatives computation is activated, PEST has the opportunity to compare
the slope®f two neighbouring segments tdre curve of model outpwss. parameter value. If
slopes of these neighbouring segments are markedly different, this indicates that points (a) or
(b) of the above graph may have been encountéréus is the caseéhe derivativeshould be
computed on the basis of only onetloé neghbouring segments defined on the basis of the
three parameter valuegther tharon both of them. Alternativelyperhaps both segments
should be abandoned and the local slope of the model outpparametervalue curve
approximatedn a way that doesot necessarily achieve progress of the parameter estimation
process, but does not harm it either.



Alterations and Upgrades to PEST 46

2.35.2Implementation

ASpit sl ope analysiso is issmmppbepméeeded naddher di
groupso section of ialles thaP &6 @ppearoon eacholine of this e . \
section are illustrated in the following diagram.

* parameter groups

PARGPNME INCTYP DERINC DERINCLB FORCEN DERINCMUL DERMTHD [SPLITTHRESH SPLITRELDIFFSPLITACTION]

(‘one such line for each of NPARGP parameter groups )

Variables appearing in the fAparameter groups

The SPLITTHRESH, SPLITRELDIFF and SPLITACTION variables are optional. However
if one of them is supplietbr a particular parameter grotipen all of them must bsupplied
for that group

SPLITTHRESHmMust be zero or greater. If it is set to zero (or omitted), then split slope
analysis is not performed for that particular parameter grbuipis set to a positive value,
then split slope analysifor all observations for all parameters belonging to the group is
potentially undertaken. However it will only be actually undertaken for a particular
observation/parameter pair the absolute value of theslope of at least oneof the
neighbouring segments mployed in thregoint derivatives calculation for that
observation/parameter pag greaterthan tre value supplied for SPLITTHRESHThus the
analysis (and possible omission of individual slope segments) is not undertake:n whe
derivativesare very sméal

SPLITRELDIFF defines another threshold. This variable must be provided with a value that
is greaterthan 0.0. If the absolute difference in slopes of neighbouring segments, divided by
the smaller of thee two slopes, is greater than thisreshold then segment rejection is
activated.

The SPLITACTION variable defines the manner in which segment rejection is undertaken.

This is a text variable which must be set t
to fAismall er o, t h @mhigheh absolstélapevalue $s aejeater naind thvei
derivative is taken as the slope of the segnoémésserabsoluteslope |l f it is set t
then the derivativef the current observatiomith respect tahe currentparameter is assigned
a value ofzerofor the currentiteration | f it i s set to Apreviouso

in the previous iteration is retained for the present iteration as well.
The following should be noted.

1. If, for a particular parameter group, SPLITACTION is sefitpr evi ou s-0, and
point derivatives computation is being undertaken on the first iteration of the
parameter estimation process, the fAprevi

with respect to th pertinenparameter is taken as zero.

2. The samehing happens if PEST is restarted nnith, for on a restart PEST does not
readits previous Jacobian matrix.

A further variable has been introduced to t|
which can affect the way in which split slope analysismplemented. This is an optional

variable. If present, it must immediately follow the NOPTSWITCH variable on the eighth

line of the PEST control fildf present, the NOPTSWHICH variable must also be present. If
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the DOAUI and/or DOSENREUSE variables gresent, they must follow SPLITSWH.
This is illustrated in the control data specification list below.

pcf

* control data

RSTFLE PESTMODE

NPAR NOBS NPARGP NPRIOR NOBSGP [MAXCOMPDIM]

NTPLFLE NINSFLE PRECIS DPOINT [NUMCOM] [JACFILE] [MESSFILE]

RLAMBDA1 RLAMFAC PHIRATSUF PHIREDLAM NUMLAM [JACUPDATE]

RELPARMAX FACPARMAX FACORIG [IBOUNDSTICK UPVECBEND]

PHIREDSWH [NOPTSWITCH] [SPLITSWH] [DOAUI] [DOSENREUSE]

NOPTMAX PHIREDSTP NPHISTP NPHINORED RELPARSTP NRELPARPHISTOPTHRESH] [LASTRUN] [PHIABANDON]
ICOV ICOR IEIG [IRES] [JCOSAVEITN] [REISAVEITN]

Specifications for fcontrol datao secti
If SPLITSWH is provided with a zero or negative value, it is ignolfedbt, it can be used to

on

determine the point within a PESTin at which operation of split slope analysis begins.

Suppose that this is set to 1.10. Then split slope analysis will begin when theirfgll
conditions have been met.

1. Central derivatives are computed for at least one parameter.gfthip can be

delyed by setting FORCEN for respective

2. If switching in this manner occurs, at least one iteration has elapsed since this switch

has taken plac€This gives central derivatives without split slope analysis a chance to

lower theobjective function.)

3. The ratio of the best objective function achieved during a certain iteration to that

achieved in the previous iteration is 1.10.

Note that SPLITSWH can be set to less than 1.0 if desired. For example, if it is set to 0.95,

then the us of split slope analysis is triggered when the st@wld objective function ratio is
0.95 or above.

At the time of writing, use of split slope analysis appears to be moderately successful in

allowing the parameter estimation process to progress, evesremterivatives are of poor

guality. Suitable settings for SPLITTHRESH, SPLITRELDIFF and SPLITACTION are still

being acquiredfrom experienceThe JACWRIT utility can be employed to learn of the

expected valuesf model output derivativewith respect to &rious parametets help in the

of

pa

setting of these variablegalues of 1L.04, 0. 5 and fAsmal | eHoweveappear

the author would welcome suggestions from user experience.

2.36 Bad Derivatives Damage Mitigation 2

2.36.1 General

Corrupted derivatives are often recognised by the fact that their values are unusually high.

However it is very difficult to know how high these values must be to qualify as beaig

Another feature of corrupted derivatives is that if variation of aréqular parameter causes
a certain aspect of model functionality to cross an internal threshold that causes a
discontinuityto arise in the relationship between that parameter and model outputs, then an
entire column of the Jacobian wihus be corruptd because all model outputs will be

affected It follows that if this column is removed from the parameter estimation process for

the current iteration, progress in lowering the dlbyecfunction can still be madas the

presence of this corrupted columwil thennot impede the ability of other parameters to alter

their values in ways that lower the objective function.
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One possible manner in which mitigation of bad derivatives mayghemreedduring any
particular iteration of the parameter estimationgess is as follows:

1. Attempt a parameter upgrade.

2. If the objective function does not improve, identify the parameter with maximum
composite sensitivity and remove that parameter from the upgrade calculation
process.

3. Attempt another parameter upgrade.

4. Repat steps 2 and 3 until either the objective function is lowered, or until it becomes
obvious that it will not be lowered through a continuation of this process.

5. During the next optimisation iteration (when a fresh Jacobian matravailable)
repeathis process.

This sequence of steps very similar tothat employed byP ES T 6 s Aaut omat i
i nt er vfenatibnalioyand, in fact, can be implemented with very few alterations to that
algorithm. The major difference is that insteadeshporarily removig parameters from the
parameter upgrade processomgler ofincreasing composite sensitivity (starting from that of

lowest composite sensitivity), parameters are removedrder of decreasing composite
sensitivity, starting from that of highest compossensitivity. (Hence it is important that

PEST be presented with a wplbsed inverse problem for which traditional automatic user
intervention is not required.)

2.36.1 Implementation

The aboveprocess is most easily implemented simply by setting the DGQAd&blein the

Acontr ol dat aodo sectiton f@afui dldhes isiPid Sl@vekithe t r o | 1
SVD or LR solution schemes are invokéecause present PEST functionality is such that
automatic user intervention is disallowed under thesmuistancesNote, however, that

automatic user intervention can presently be used successfully if PEST is undertaking SVD
assisted parameter estimation.

| f no MAautomatic wuser interventiono setting
variables that affect the operationtbé automatic user interventipmocess when used in this

manner for mitigation oproblems caused Hyad derivatives are assigphthe values shown

in the following table.

Variable name Default Value
MAXAUI 3*NESPAR/4
AUISTARTOPT 1
NOAUIPHIRAT 0.9
AUIRESTITN 0
AUISENSRAT 1
AUIHOLDMAXCHG 0
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AUINUMFREE 1
AUIPHIRATSUF 0.8
AUIPHIRATACCEPT 0.99
NAUINOACCEPT 3*MAXAUI/4

Default values used for automatic user intervention control variables when the DOAUI

variable is set to fAaui do. NESPAR in the
parameters.

Note that the AUIPHIRATSUF variable takes on a slightly different role wh@AD! is set
toauii do from that WEOAUh 168 asgsumes Niahieo. I n

to the ratio of the current objective function to that achieved on the current iteration with no
parameters temporarily frozen; in th@mer case itis the ratio of the current objective
function to the that prevailing at the commencement of the current iteration.

Both normal and parallEST can employ automatic user interventionthe latter case the
efficiency of the process is greatly increasedhe PARLAM variable in the PEST run
management file is set to a value that allows parallelisation of the Marquardt lambda search.

If you feel that PEST is trying to do too much automatic user intervention during any
particular optimisation iteration, ¢heasiest way to reduce the time spenpmuyressively
freezing parameters and-agempting upgrade calculations is to placeflantomatic user
interventior section in the PEST control fileassigning theabove default valueto all
variables containethereinexcept for MAXAUI which can be set tanaappropriatelyiow
number. PEST will then limit its progressive removalf Jacobian matrix columns to
MAXAUI before abandoning automatic user intervention for that optimisation iteration and
moving on to thenext iteration.

2.37 Kullback-Leibler (K -L) Information Loss Statistics

PEST now computes AIC, AICc, BIC and KIC statistithese are recorded on its run record
file, just before the parameter covariance matfiarmulae used by PESdre as follows.
(These are the sameth®seemployed by Poeter and Hill, 2007).

AIC=nin(s 2)+2k

where:

AlCc=nin(s )+ 2k +

a2k (k +1)@
&

ch-k-1~

BIC=nIn(s ?)+kin(n)
Kic=(n- (k- D)in(s2)- (k- Din(20)+In[X'QX

n

is the number of nerercweighted observatiorend prior information
equationemployed in the parameter estimation process;

is equal tom+1 wherem is the number o&djustableparameters involved in
the parameter estimation process;

S t he

resi

dual Vi@, i

awnhcegr i€ thenaihimized at e d
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objective function;

X is the Jacobian matrix computed on the basis of optimised (or almost
optimised) parameters;

Q is the weight matrix employed by PEST.
The following should be noted.

1. The above statistics are calculated only if PEST ismuniiest i mati ondo mod
not calculated if PEST is run fipredictive analysisor firegularisatiod modes.Nor
are they computed if solution of the inverse problem is achieved usimgated
singular value decompositimr LSQR

2. If a problem is so itdetermined that the covariance matrix cannot be calculated (by
virtue of the fact thatX'QX cannot be inverted), then these statistics will not be
calculateckither.

The author must confess that in consexthere highly parameterised inversion and
concomitant uncertainty analysis can bearried out using efficient, stateof-the-art
regularisation methodologies described herein, he can see little use fosttiestecs for

they ignore the fact that the wkoerllidh oiosd 6a ccaonr
be computed without recognition of tliemplexity(as encapsulated in thepg}(matrix used

elsewhere in this documen$tatistics such as those computedtivy PREDVARL1 utility

described hereirecognise this complexity; they also recmsgnthe fact that regularisation of

one kind or another is required for uniqgue s
uniguenesso is a significant |l oss of resol
calibrated modelThe PREDVAR metlodologythus provides a more coherenapproach to

estimation of the optimum number of parameters to emplgplvingan inverseproblem, as

loss of system detaiihcurred by using too few parametésplayed against amplification of
observation noisencurred by using too manyrurthermore, methodologiesuch as Null

Space Monte Carlallow a modeller to avoid having to commit him/herself to a unique set of
parameters at all, and to analyse the uncertainty of model predictions with full account taken

of the fact that the calibration process can normally capture very little of the true complexity

of realworld systemsThe need f or Aimodel averagi®ago te
where thevery existence of discrete modelghose relative worth must benaysedis an

artificial outcome of a inability on the part oblderstyle parameter estimation software to
accommodatecomplex but continuousparameter fields, is highly questionable in these
circumstances.

2.38 Subspacd=nhanced Tikhonov Regularisation

2.38.1 General

Use of Tikhonov regularisation in the inversion process often results in parameter fields that

A | ogodd from a geological or other perspectivehis will be especiallythe caseif

Tikhonov constraints have been farlatedi n such a way that t he
conditiono t hat shey exprerdeds reegaigpaand tat i or
parameterisation maximum likelihootHowever not only should the preferred condition

express parameterisation reasonablengssaddition to this,weights and/or covariance

matrices applied to regularisation constraints should be such that violation of these
constraintsin order to allow model outputs to fit field datakes place in aeasonable, or

Al euarslti kel i h oo the grolinavgaten noodelling lcontext, this will result in the
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introduction of heterogeneity thats of a scal e and doéistheosi t i on
geologicalsettingunder consideration

A practical problem that often arises when using Tikhonov regatéon is that neithethe

Adef aul t c o-walld parantetersnor ehe covasgaade matrix epatial or temporal
parameterneterogeneitythat describes their potential variabilitig known (or evenvery

applicable) Another problem is thatsthe optimisation process advances and PEST pursues

a good fitwith field data in areas of highpatialdata density where there may be strong
evidence for the existence of pat Mghomet er i s a
regularisation constraintsin order to achieve these fitand to therefore express the
heterogeneity which they suggest iLet t i ng goo takewofthel ace t
regularisation weight factoHo we v e r an unfortunate conseque
numerical instabilityof the inversion process may be incurred, fordbesequentialack of

constraints on parameters in dator parts of the model domain may result in
nonuniqueness in estimation of parameterthose areagCondition numbers then rise, and

the consequeial numerical instabilitywill almost certainlyhamperfurther progess of the

parameter estimation process.

This problem can be partially overcome through applying differential weighting
regularisation constraintsyith weights being weaker on parameters (and/or parameter
combinations) that are relatively estimable on the basis of the current calibration dataset,
while being strongeron constraints that pertain to parameters (and/or parameter
combinations) that anelatively inestimableThus the information content of the calibration
dataset can be transferred to paramdtard parameter combinatiors)which this dataset is
informative, without the need to relax application of default conditmmparametes (and
parametecombinations) for which information in the calibration dataset is weak or absent.

PEST is given license to adopt differential weigd for regularisation prior information
equationsandregularisatiorobservations througbse ofthe IREGADJregularisation control

variable. Differential weightings computed and applied on a grebygroup basis if
IREGADJ is setl, 2 or 3. If it is set to 4 or 5, regularisation weights adjustmens fakee
onaniterAby-i t em basi s, w h e divedualaregulafisatiore pridr inforsatiann i n
equation or an individual regularisation observatiohhese latter options will now be
described.

2.38.2 Solution Space Projection

Let X represent the Jacobian matrix for the current parameter estimation prabigietp
represent parameters ttaefeaturel in this problem. LetQ represent thebservatiorweight
matrix. Let singular value decomposition of ghweighted Jacobian matrix ledd the
following equation:

QY?X = usVt (2.38.1)

where, as usual, the columns\6fcomprise orthogonal unit vectors which collectively span
parameter space. On the basis of a -gstgcted singular value threshold, can be
subdivided into submatric&g, andV, such that:

eV, g
QY2x=Uls, sz]évltl:J (2.3.2)
evau

Often the threshold will be chosen such tNats pans the #dAcali bration
(combinations of parameters to which model outputs corresponding to observations















































































































































































































































































































































































































































































































































































































