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A R T I C L E  I N F O  A B S T R A C T

The p ast en v iro n m en t is o ften  reconstructed  b y  m easu rin g  a certa in  proxy (e.g . <5ls O) in  an  
en v iron m en ta l archive, i.e. a sp ecies  th a t gradually  accu m u la tes m ass and records th e  
current en v iro n m en t during th is  m ass form ation  (e.g . corals, sh ells, trees, etc .). W hen  
su ch  an env iron m en ta l proxy is m easured , its va lu es are k n ow n  on  a d ista n ce  grid. 
H ow ever, to  relate th e  data to en v iron m en ta l variation s, th e  date  a ssoc ia ted  w ith  each  
m ea su rem en t has to  be k n ow n  too . This transform ation  from  d istan ce  to  tim e  is not 
straightforw ard to so lve, s in ce  sp ecies  u su a lly  do not grow  at co n sta n t or k n ow n  rates. In 
th is  paper, w e  in vestiga te  th is  p rob lem  for en v iron m en ta l arch ives exh ib itin g  a certain  
p eriodicity . In practice, th e  m eth od  w ill be app licab le  to  m o st an n u ally  reso lved  archives 
b ecau se  th ese  con ta in  a season a l com p on en t, e.g. c lam s, corals, sed im en t cores or trees. 
D ue to  variation s in accretion  rate th e  data a lon g  th e  d ista n ce  axis have a d istu rb ed  
p eriod ic  profile. In th is  paper, a m eth od  is d ev e lo p ed  to  extract in form ation  abou t th e  
a ccretion  rate, such  th a t th e  orig inal (p eriod ic, bu t further u n k n ow n ) signal as a fu nction  
o f  tim e  can be recovered . The final m eth o d o lo g y  is q u a si- in d ep en d en t o f  ch o ices  m ad e by  
th e  in vestiga tor  and is d esig n ed  to  d e liver  th e  m o st p recise  and accurate result. Every step  
in th e  procedure is d escrib ed  in detail, th e  resu lts are te s te d  o n  a M onte-C arlo s im ulation , 
and finally  th e  m eth od  is ex em p lified  on  a real w orld  exam p le.
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1. Introduction

A fu n d a m e n ta l p ro b lem  o ften  e n c o u n te re d  in  proxy  
reco rds is th e  reco n s tru c tio n  o f  th e  t im e  series, s ta r tin g  
from  a  m ea su re d  d is tan c e  series. V aria tions in  acc re tio n  
ra te  sq u eeze  a n d  s tre tc h  th e  d is tan c e  series  (Fig. 1). This 
d is to r tio n  re su lts  in th e  len g th e n in g  an d  sh o rte n in g  of 
in d iv idual fe a tu res  p re se n t in  th e  signal, as can  b e  seen  on 
th e  h o rizo n ta l g raph . M ostly, in v es tig a to rs  a re  in te re s ted
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in th e  t im e  series  (v e rtica l g raph). Indeed, th e  a sso c ia ted  
t im e  se ries  is m u ch  m o re  in te rp re ta b le  th a n  th e  o rig ina l 
m ea su re d  d is tan c e  series, e sp ec ia lly  w h e n

(i) tw o  d iffe ren t proxy  se ries  a re  to  b e  com p ared , b ecau se  
each  series  h as its u n iq u e  acc re tio n  ra te , o r

(ii) a  p roxy  is to  b e  co m p ared  w ith  a n  in s tru m e n ta l record  
m ea su re d  as a  fu n c tio n  o f tim e , b ecau se  b o th  m u st 
have th e  sam e  grid  (tim e).

In o th e r  cases th e  acc re tio n  itse lf  is o f  in te re s t (d iagonal 
g ra p h  on  Fig. 1). This can  h o ld  im p o rta n t in fo rm a tio n  
b ecau se  th e  se d im e n ta tio n  o r g ro w th  ra te  is o ften  
in fluenced  by  th e  e n v iro n m e n t its e lf  a n d  can  th u s  be
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Fig. 1. Concept of transform ation of a record along a distance grid (dots 
on horizontal axis) to a tim e series (dots on vertical axis). Dashed 
diagonal line represents constant growth, while curved gray line along 
diagonal represents accretion optim ized by m ethod described in this 
paper, which assum es th a t true tim e series is periodic (full black line in 
vertical graph). M irroring distance series on diagonal curve results in 
tim e series.

u sed  as a n  a d d itio n a l sou rce  o f in fo rm atio n . T he p ro b lem  
h a n d le d  in  th is  p a p e r  is th e  re co n stru c tio n  o f th e  tim e  
series  a n d  acc re tio n  (ra te )  for a  g iven  d is tan c e  series. As 
c an  b e  seen  in Fig. 1, it is im p o ssib le  to  e s tim a te  th e  
v e rtica l a n d  d iagonal g rap h s if on ly  th e  h o rizo n ta l o n e  is 
given. H ow  to  ov erco m e th is  p ro b lem  in a  sy s tem atic  w ay  
is th e  co re  o f th is  research .

The n ew  m e th o d  p re sen te d  in th is  s tu d y  w as d ev e l­
o p ed  in a n  a tte m p t to  s im u lta n eo u s ly  red u ce  sto ch as tic  
a n d  sy s te m atic  e rro rs , a n d  still keep  a  flexible a n d  u se r- 
in d e p e n d e n t (i.e. ob jec tive) p ro d u c t. The m e th o d s  p ro ­
p o sed  o r u sed  in  th e  lite ra tu re  so fa r a p p e a r  to  be  
u n sa tis fac to ry  w ith  re sp ec t to  a t  lea s t o n e  o f th e se  c riteria .

The m o st freq u e n tly  o b se rv ed  ap p ro ach  is to  rem ove 
d is to rtio n s  o f  th e  tim e  b a se  by  c o rre la tin g  by  eye. 
A n u m b e r  o f re fe ren ce  p o in ts  a re  ch o sen  in  th e  o b se rv ed  
d is tan c e  series  an d  in  a  p rio rly  a ssu m e d  tim e  series, an d  
th e  o b se rv a tio n  d a te s  a re  o p tim ize d  by  s tre tc h in g  and  
sh o rte n in g  th e  o b se rv a tio n  reco rd s b e tw e e n  th e  a n ch o r 
p o in ts  u n til th is  n e w  reco rd  is m o st s im ila r to  th e  
p red efin ed  tim e  series. This, how ever, w o rk s o n ly  in th e  
s im p le s t cases, a n d  is n o t read ily  q u an tif ied  a n d  is 
g en era lly  lim ited  to  low  reso lu tio n . W h a t m ak es th in g s 
w o rse  is th a t  tw o  in v es tiga to rs , w h o  a re  d a tin g  th e  sam e  
reco rd  w ith  th is  sam e  m eth o d , w ill co m e to  d iffe ren t 
conclusions, b ecau se  th e y  m ay  have se lec ted  d iffe ren t 
tu n in g  po in ts . The se lec tio n  o f  th e se  “a n ch o r p o in ts” is no t 
o n ly  su b jective  b u t  a lso ab so lu te , i.e. th e y  a re  a ssu m e d  to  
b e  co rrec t a n d  ignore  th e  fact th a t  th e  d a ta  a re  su b jec t to  
s to ch as tic  u n c erta in ty . T herefore, sy s te m atic  e rro rs  a re  
eas ily  in tro d u c ed  in  th is  p ro ced u re  (w ro n g  a n ch o r  p o in ts) 
a n d  th e  m e a su re m e n t no ise  is fu lly  p ro p ag a ted  in to  th e  
re su ltin g  tim e  series. Finally, d u e  to  th e  u se  o f  fixed 
a n ch o r  po in ts , th e  re su ltin g  acc re tio n  ra te  is a  s tep  
function , w h ic h  can  h a rd ly  b e  called  rea lis tic  for a  n a tu ra l 
p ro cess like th e  g ro w th  o f a  she ll o r  th e  a cc u m u la tio n  of 
t re e  b iom ass.

M ore re fined  m e th o d s  have b e en  p ro p o sed  in lite ra ­
tu re , inc lu d in g  th o se  by  M artin so n  e t al. (1982), Lisiecki 
a n d  Lisiecki (2002), W ilk in so n  a n d  Ivany (2 0 0 2 ) an d  De 
R idder e t  al. (2004). M ost o f  th e s e  m e th o d s  d isp lay  th e  
se rio u s w eak n ess  th a t  th e y  n eed  th e  t im e  series  to  be  
k n o w n  in  advance. C onsequently , th e  p ro b lem  o f d a tin g  
th e  o b se rv a tio n s b eco m es a  ta sk  o f  find ing  w h a t w as 
p o stu la te d . F u rth e rm o re , so m e  in p u t o f  th e  u se r  is a lw ays 
c rucia l in  o rd e r to  find  reaso n ab le  resu lts . For in stan ce , th e  
m e th o d  p ro p o sed  b y  M artin so n  e t al. (1982) is b a se d  on  
a n  o p tim iza tio n  ro u tin e  w h ich  is h igh ly  sen sitiv e  to  in itial 
va lues. For th e  m e th o d  d esc rib ed  in  Lisiecki a n d  Lisiecki 
(2 0 0 2 ) th e  u se r  has to  d ec id e  h o w  m an y  a n ch o r  p o in ts  
m u s t b e  u sed ; in W ilk in so n  an d  Ivany (2 0 0 2 ) th e  u se r  has 
to  d e fin e  th e  w id th  o f th e  t im e  w in d o w  in advance; th e  
n o n -p a ra m e tr ic  m e th o d  d esc rib ed  in De R idder e t  al. 
(2 0 0 4 ) n e ed s  th e  w id th  o f  a  sp ec tra l w in d o w  to  be  
spec ified  by  th e  user.

In th is  paper, th e  a im  is to  ach iev e  a flexible, u se r- 
in d ep e n d en t, a ccu ra te  a n d  p recise  reco n s tru c tio n  o f th e  
t im e  series. This m ea n s  th e  u se  o f  a n ch o r  p o in ts  is 
avo ided , since  th e se  a re  e sse n tia lly  su b jective  a n d  re su lt 
in  u n re a lis tic  s te p w ise  acc re tio n  ra tes. Instead , so m e  o th e r  
h y p o th es is  a b o u t th e  sh a p e  o f th e  u n k n o w n  acc re tio n  ra te  
o r  tim e  series  m u s t b e  m ade. D ep en d in g  o n  th e  a p p lica ­
tion , d iffe ren t h y p o th eses  m ay  be  su itab le . Yet, in o rd e r  to  
be  flexible eno u g h , th e  h y p o th es is  sh o u ld  n o t be  to o  stric t. 
In th e  c u rre n t paper, a  pe rio d ic  t im e  series  is assu m ed , 
w h ic h  is o ften  th e  case  for a n n u a lly  reso lved  archives, 
b ecau se  o f th e  p re sen ce  o f  a  seaso n al cycle. Such an  
a ssu m p tio n  is m u ch  less re stric tiv e  th a n  a ssu m in g  it is a 
sine, a n d  c e rta in ly  th a n  a ssu m in g  it is fu lly  know n. This 
(o r  an y  o th e r)  h y p o th es is  can  b e  q u an tif ied  in a  p a ra ­
m e tric  m odel, c o n ta in in g  tim e  explicitly . T he p ro b lem  can  
th e n  b e  so lved  by  a  s im u lta n eo u s  e s tim a tio n  o f th e  signal 
m o d el p a ram e te rs  a n d  th e  t im e  b ase  for th e  m e a su re ­
m en ts .

The n ew  m e th o d  is m o st sim ila r to  th e  s tra te g y  
p ro p o sed  by  B riiggem an (1992), w h ich  s im u lta n eo u s ly  
o p tim ize s  th e  t im e -d e p th  (o r t im e -d is ta n c e )  re la tio n  and  
a lin ea r d y n am ic  m o d el for th e  tim e  series. This is th e  on ly  
m eth o d , so far, w h ic h  does n o t a ssu m e  th a t  th e  t im e  series 
itse lf  is k n o w n  in advance, b u t  o n ly  a ssu m e s  it to  be lo n g  
to  a  c e r ta in  class, d e sc rib ed  by  a p a ram e tr ic  m odel. 
The t im e -d e p th  re la tio n  is o p tim ized  b y  tu n in g  a n ch o r 
p o in ts , w h ich  is th e  m ain  d ifferen ce  w ith  th e  n e w  m eth o d , 
w h e re  th e  tim e  b a se  is a lso  d esc rib ed  by  a  p a ram etric  
m odel. So, w ith  th e  n ew  m e th o d  th e  e s tim a te d  acc re tio n  
ra te  w ill n o t b e  s te p w ise  co n stan t, b u t  a  c o n tin u o u s  
re p re se n ta tio n  o f th e  acc re tio n  ra te  is en su red . The u se  o f 
a  p a ram e tric  m odel a lso  red u ces th e  in fluence  o f s to c h as­
tic  e rro rs  a n d  th u s  p recisio n  o f  th e  re su lts  is im proved . 
B esides th is , th e  risk  o f  m o d el e rro rs  is lim ited  b ecau se  
th e  sh a p e  o f th e  t im e  series  is n o t fixed. Indeed , a 
p a ram e tr ic  m o d el is u sed , w h ic h  has a  n u m b e r  o f free 
p a ra m e te rs  to  be  o p tim ize d  to  find th e  b e s t c o rre sp o n ­
d en ce  w ith  th e  obse rv a tio n s. In ad d itio n , no t o n e  b u t  a 
n u m b e r  o f  m o d els  w ill b e  co n sid ered  s im u lta n eo u s ly  in 
o rd e r  to  red u ce  th e  risk  o f m o d el e rro rs  e v en  m ore. The 
m o st a p p ro p ria te  m o d el is se lec ted  u s in g  a s ta tis tica l 
criterion .
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T he re m a in d e r  o f th is  a rtic le  is s tru c tu re d  as follow s. In 
S ection  2 p a ram e tric  m o d els  for th e  tim e  b a se  a n d  tim e  
series a re  p roposed . E stim a tin g  th e  m odel p a ram e te rs  
m ax im izes p recisio n  by  filte ring  off th e  m e a su re m e n t 
noise. The p ro b lem  o f find ing  a p p ro p ria te  s ta r tin g  v a lu es 
an d  o th e r  issues o f  th e  a lg o rith m  a re  d iscu ssed  in 
Section  3. T im e rev ersa l a n d  o p tim iz in g  m o d el co m p lex ity  
a re  d iscussed , respectively , in Sections 4  a n d  5. Section  6 
co n sis ts  o f a  M onte-C arlo  s im u la tio n  to  te s t  th e  a lgo rithm , 
an d  in Section  7 real d a ta  a re  p rocessed . In o rd e r to  
illu s tra te  th e  su b seq u e n t cho ices a n d  stra teg ies , real d a ta  
have b e en  u se d  th ro u g h o u t th e  paper.

2. The signal model and time base

If w e  m ad e  no  a ssu m p tio n s  a t  all a b o u t th e  signal as a 
fu n c tio n  o f t im e  it w o u ld  be  im p o ssib le  to  re co n s tru c t a 
tim e  b a se  for th e  m ea su re m e n ts . This is th e  re aso n  w h y  
m an y  m e th o d s  a re  b a se d  o n  a n  a p rio ri k n o w n  ta rg e t 
fu n c tio n  (e.g. M artin so n  e t  al., 1982; Paillard  e t  al., 1996; 
Yu a n d  Ding, 1998; Lisiecki an d  Lisiecki, 20 0 2 ; Ivany e t  al., 
2003). H ow ever, th e  t im e  series  is u su a lly  n o t ex ac tly  
k n o w n  a n d  m ay  ev en  b e  th e  u n k n o w n  o f  in te res t. 
Therefore, it is im p o rta n t to  u se  a m e th o d  th a t  does no t 
fully  fix th e  tim e  series  in advance, b u t  so m e  a ssu m p tio n  
w ill still b e  necessary . H ere it is a ssu m e d  th a t  th e  signal is 
periodic, w h ich  is a n  obv ious a ssu m p tio n  for a n n u a lly  
reso lved  arch ives, b ecau se  th e y  o ften  ex h ib it a  seasonal 
cycle. O th e r a ssu m p tio n s  can  be  m ade, b u t  for c la rity  w e  
lim it th is  d iscu ssio n  to  p e rio d ic  m odels. In th is  sec tio n  a 
fo rm al d e sc rip tio n  o f  th e  m e th o d  is given.

T he m e a su re m e n ts  a re  a ssu m e d  to  b e  sam p led  a long  
an  e q u id is ta n t d is tan c e  grid . T hese  o b se rv a tio n s a re  
m o d eled  by  a  d isc re te  t im e  signal smodel(t(n)), in  w h ich  
th e  a ssu m p tio n  o f p e rio d ic ity  is co n ta in ed :

h
S m o d e \ ( t ( n )) =  A0 +  [Ak sin(kcot(n)) + A k+h cos(/*ot(n))]

fe= 1
( 1 )

w h e re  t(n) is th e  u n k n o w n  tim e  v a riab le  a t  sam p le  
po sitio n  it e  {1......N}, A 0 is th e  offset, A k a n d  A k+h a re  th e  u n ­
k n o w n  a m p litu d e s  o f th e  fcth ha rm o n ic , co is th e  u n k n o w n  
fu n d a m e n ta l a n g u la r  freq u en cy  a n d  h is th e  n u m b e r  o f 
h a rm on ics, y e t to  be  id en tified . C hanging th e  n u m b e r  o f 
h a rm o n ics  w ill ch an g e  th e  co m p lex ity  o f  th e  m odel. H ow  
to  choose  th e  o p tim a l v a lu e  for h is d iscu ssed  in  Section  5. 
N ote th a t  Eq. (1) d o es n o t g en era lly  re p re se n t a  Fourier 
analysis, since  th is  w o u ld  req u ire  th a t  co =  2n¡T  (w ith  T 
th e  p e rio d  sp an n in g  th e  w h o le  reco rd ) a n d  th a t  th e  
o b se rv a tio n s a re  sam p led  e q u id is ta n tly  in  time.

A lthough  th e  sam p les a re  eq u id is ta n tly  sp aced  a long  
th e  d is tan c e  axis, th e  t im e  in s tan c e  b e tw e e n  tw o  
su b seq u e n t o b se rv a tio n s  is n o t co n stan t, d u e  to  v a ria tio n s  
in acc re tio n  ra te . N ote th a t  it is p rac tica lly  im p o ssib le  to  
e s tim a te  th e  tim e  b ase  d is to r tio n  (TBD) directly , by  
co m p arin g  th e  m e a su re m e n ts  w ith  th e  signal m odel 
(Eq. (1)), b ecau se

Problem  (A): th e  m ea su re d  reco rd  is d is tu rb e d  by 
sto ch as tic  noise, w h ich  w o u ld  b e  p ro p a g a ted  in to  th e

TBD. This w o u ld  re su lt in  a  v e ry  low  p rec is io n  o n  th e  tim e  
b ase  an d  w o u ld  m ak e  th e  re su lts  p rac tica lly  u se less; an d  

Problem (B): th e  signal m o d el its e lf  is u n k n o w n  (ev en  if 
w e  a ssu m e  it is period ic, th e  a b o v em en tio n ed  p a ram e te rs  
a re  still un k n o w n ).

To c ircu m v en t th e se  tw o  p rob lem s, th e  t im e  in s tan ces  
t(n) a re  m o d eled  as follow s:

t(n) = (n + S(n))Ts (2)

w h e re  Ts is th e  average  sam p le  p e rio d  ( tim e  b e tw e e n  tw o  
su b seq u e n t o b se rv a tio n s) a n d  w h e re  th e  tw is ts  o f  th e  
t im e  b a se  a re  m o d eled  b y  a fu n c tio n  <5(n), called  th e  TBD. 
In Fig. 1, th e  TBD is th e  d ifferen ce  b e tw e e n  th e  d o tte d  line 
a n d  th e  full line  a long  th e  d iagonal. To ch ara c te riz e  th is  
TBD, it is ex p an d e d  in  a  se t o f  b asis functions:

b
¿ ( n ) = £ B m/Un) (3)

m —1

w h e re  ß  is th e  se t o f b basis  fu n c tio n s (see  Fig. 2 for an  
exam ple), B is a  v ec to r o f len g th  b w ith  th e  TBD 
p a ram ete rs . The p a ra m e te r  b d e fin es th e  co m p lex ity  o f 
th e  t im e  b ase  function , w h ic h  still has  to  b e  d e te rm in e d  
(see  Section  5).

P rob lem  (A) is c ircu m v en ted  by  th e  in tro d u c tio n  o f 
b asis fu n c tio n s (Eq. (3)). W e te s te d  tr ig o n o m e tric  func­
tions, L egendre p o ly n o m ia ls a n d  sp lin es as b asis fu n c tio n s 
(A bram ow itz  a n d  Segun, 1968; Dierckx, 1995). The last 
seem  to  w o rk  best. This cho ice  has tw o  reasons:

(i) If th e  TBD is large  for a  c e r ta in  o b se rv atio n , w e  m ay  
in tu itiv e ly  a ssu m e  th a t  it w ill b e  larg e  as w ell for its 
n e ig h b o rin g  o b se rv a tio n s  an d  th a t  th is  co rre la tio n  
d ec reases  p ro p o rtio n a lly  to  th e  d is tan c e  b e tw e e n  th e  
o b se rv a tio n s. This ty p e  o f b eh av io r can  ex ac tly  be  
d esc rib ed  by  sp lin es (see  Fig. 2). On th e  o th e r  hand ,
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0.1

0.05

0

.1 -0.05

- 0.1

-0.15
0 20 30 40 5010

Distance (mm)

Fig. 2. Six spline basis functions are shown in colors. These Gaussian- 
like functions have been multiplied w ith their parameters B, 
B = [-0 .1 5 ,0 .2 5 ,0 .3 ,0 .1 ,0 .2 ,-0 .2 ]. If TBD for observation around 
20 mm  is large and positive, then red spline function would obtain a 
large positive parameter value B3. Consequently, neighboring observa­
tions would have a large TBD as well, because of the width o f the spline 
function. TBD is found by summing all scaled basis functions and is 
shown in black.
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keep  in m in d  th a t  h ia tu se s  (g ro w th  s tops) a re  n o t v e ry  
w ell d e sc rib ed  by  th is  ty p e  o f basis  functions. T he u se  
o f  p o ly n o m ia ls w o u ld  be  benefic ia l if  slow  tre n d s  
a re  p re se n t in  th e  tim e  b a se  a n d  tr ig o n o m etric  
fu n c tio n s w o u ld  o u tp e rfo rm  if perio d ic  v a ria tio n s  
a re  ex pec ted .

(ii) The o p tim iza tio n  ro u tin e  is m u ch  m o re  effective  for 
sp lin es basis  fu n c tio n s th a n  for th e  o th e r  te s te d  
func tions. M ore particu larly , local m in im a  seem  to  
b e  a recu rrin g  p ro b lem  for th e se  o th e r  basis  func tions.

In o rd e r  to  ov erco m e P rob lem  (B), th e  signal m o d el an d  
tim e  b a se  m o d el a re  o p tim ize d  sim u ltan eo u sly , i.e. all 
u n k n o w n s  co, A, B (in  p ractice , th e se  a re  s to red  in a  v ec to r 
0 =  [co, AT, ß T]T) a re  e s tim a te d  sim u ltan eo u sly . This avoids 
c ircu la r reason ing . Indeed , if  th e  t im e  b a se  is know n, th e  
signal m o d el p a ra m e te rs  can  eas ily  be  e s tim a te d , b u t  to  
k n o w  th e  t im e  b a se  it is n ecessa ry  to  have  iden tified  th e  
signal m odel. The o p tim a l v a lu es o f  all th e se  p a ram e te rs  
can  be  ca lcu la ted  b y  a  n u m erica l m in im iz a tio n  a lg o rithm , 
w h ich  m in im izes a  lea s t sq u ares (LS) co st fu n c tio n  
(o b jec tiv e  func tion). M ore d e ta ils  a b o u t th e  o p tim iza tio n  
a re  g iven  in th e  n ex t section .

W h ile  th e  c en tra l c o n cep ts  o f  th e  n ew  a p p ro ac h  a re  
g iven  above, a  n u m b e r  o f  a d d itio n a l issues a re  im p o rta n t 
to  co n sid e r for th e  re su lts  to  be  b o th  rea lis tic  a n d  reliable. 
T hese  issues a re  d iscu ssed  in  th e  fo llow ing sections.

3. Initialization and optimization strategy

M inim iz ing  th e  LS co st fu n c tio n  w ill be  successfu l o n ly  
if  o n e  can  s ta r t  from  a  reaso n ab le  se t o f  in itia l values. 
F inding good  in itia l v a lu es is n o t triv ia l a n d  th is  w as o n e  
o f th e  m ain  sh o rtco m in g s  o f th e  m e th o d  p ro p o sed  by  
M artin so n  e t  al. (1982). H ow ever, since  th e ir  p u b lica tio n  
so m e n o n -p a ra m e tr ic  m e th o d s  have  b e en  p ro p o sed  
(W ilk inson  a n d  Ivany, 20 0 2 ; De R idder e t  al., 2004). Such 
m e th o d s  a re  m o re  sen sitiv e  to  noise , b u t  do  n o t need  
in itia l g u esse s  for th e  p a ram ete rs . W e u sed  th e  p h ase  
d e m o d u la tio n  m e th o d  (De R idder e t  al., 2 0 0 4 ) to  find  a 
n o n -p a ra m e tr ic  e s tim a te  o f th e  TBD, w h ic h  can  serve  as 
th e  s ta r tin g  v a lu e  for th e  p a ram e tric  m o d el o p tim iza tio n . 
In o rd e r  to  m in im ize  th e  risk  o f co n verg ing  to w a rd s  a bad  
local m in im u m , th e  o p tim iza tio n  s tra te g y  is p e rfo rm ed  in 
five s tep s (fo r a  s tru c tu re  o f  th e  a lg o rith m , see  Fig. 3):

1. In itia liza tio n  o f  th e  a n g u la r  freq u en cy  co: a n o n - 
p a ram e tric  e s tim a te  o f  th e  TBD an d  th e  co rre sp o n d in g  
freq u en cy  can  b e  g a th e red  for pe rio d ic  signal records, 
e.g. fo llow ing  th e  g u id e lin es o f De R idder e t  al. (2004).

2. In itia liza tio n  o f th e  TBD p a ra m e te rs  B: in itia l v a lu es for 
th e  TBD p a ra m e te rs  can  b e  g a th e red  by  m atch in g  
Eq. (3) on  th e  n o n -p a ra m e tr ic  TBD. This can  eas ily  be  
done , b ecau se  Eq. (4) is lin e a r in  B. Next, Eq. (2) is u sed  
to  o b ta in  m o re  p rec ise  d a te s  o f th e  o b se rv atio n s.

3. In itia liza tio n  o f th e  signal p a ram e te rs  A: th e s e  a re  
g a th e red  by  m a tch in g  Eq. (1) on  th e  o b se rv a tio n s 
em p lo y in g  th e  p rev io u sly  e s tim a te d  tim e  base. An 
effic ien t a lg o rith m  is d e sc rib ed  in P in te lo n  a n d  Schou- 
kens (1996).

> [ frequency W 

^ 1  time base W INITIALISATION

signal
parameters

C TBD
parameters ^

signal W
n o r a m a t a r c  '

RELAXATION
signal 

parameters

e¡

i

LEVENBERG-M ARQUARDT

( *  i n n  ........

inr 9max

S E T  O F ALL 
OPTIM IZED 

M ODELS

I
AUTOM ATED M ODEL SELECTIO N

Fig. 3 . Structure of algorithm. Initialization, relaxation and Levenberg- 
M arquardt optim ization m ust be perform ed for all models le f t ,  ..., 
max), having com plexity (h¡, b.), delivering optim al values &,■ for their 
param eters. Using an autom ated model selection procedure (here based 
on the MDLC criterion) optim al model com plexity can be selected, giving 
one final optim al param eter set B.

4. R elaxation: a lte rn a tin g , th e  TBD p a ram e te rs  a n d  th e  
signal p a ra m e te rs  a re  o p tim ized , w h ile  th e  o th e r  se t is 
re m a in e d  fixed. Note th a t  o p tim iz in g  th e  TBD p a ra ­
m ete rs , w h ile  th e  signal p a ra m e te rs  a re  co n stan t, is, in 
fact, th e  m e th o d  p ro p o sed  by  M artin so n  e t al. (1982). 
This re lax a tio n  a lg o rith m  is s to p p e d  w h e n  th e  larg est 
re la tiv e  v a ria tio n  in  th e  p a ra m e te r  v e c to r 0 =  [co, AT, 
ß T]T is lo w er th a n  a n u m erica l sto p  c rite rio n  (typ ically  
IO- 3 ). This s tep  in  th e  o p tim iza tio n  is im p le m e n ted  to  
in crease  th e  calcu la tio n  sp eed  b u t  it w ill n o t in fluence  
th e  final resu lts .

5. Final s im u lta n eo u s  p a ra m e te r  e s tim a tio n : all p a ra ­
m e te r  v a lu es a re  e s tim a te d  to g e th e r  em p lo y in g  a 
L ev en b erg -M arq u a rd t a lg o rith m  (th is  a lg o rith m  is 
p re fe rred  o v er th e  N e w to n -G au ss  a lg o rith m , b ecau se  
th e  co n v erg en ce  a rea  is larger). Further, each  ro w  in 
th e  Jaco b ian  w as scaled  by  its s ta n d a rd  d e v ia tio n  in 
o rd e r  to  im p ro v e  th e  n u m erica l cond ition ing .

4. Local time reversal problem

If th e  o b se rv a tio n s  a re  o rd e re d  a lo n g  th e  d is tan c e  grid, 
logically  th is  sam e  o rd e r sh o u ld  be  fo u n d  a lo n g  th e  tim e  
grid . So far, th is  is n o t n ecessa rily  tru e . The m e th o d  as 
p re sen te d  u n til n o w  is to o  p o w erfu l a n d  can  a lte r  th e  
o b se rv a tio n s’ order. In th is  p a rag ra p h  a  so lu tio n  is 
p re sen ted .
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Fig. 4. Around 35 m m  from the Umbo, estim ated tim e is constant (full 
line), w hich would correspond to an infinite accretion rate. In order to 
avoid this type of un-physical solutions, an inequality constraint 
optim ization is im plem ented: if negative accretion rates occur, tim e 
base is forced to rem ain slightly positive (dotted line). Accretion curves 
shown here are calculated while processing clam 1, w ith  a high 
complexity (h,b) — (4,20).

T he m e th o d  is e sp ecia lly  v u ln e ra b le  for th is  w eak n ess  
w h e n  th e  n u m b e r  o f  TBD p a ram e te rs  is re la tiv e ly  h igh  (an  
ex am p le  is g iven  in Fig. 4). This is no t su rp risin g , b ecau se  
th e  n o ise  sen s itiv ity  is la rg e r in  th is  case  (m o re  p a ra ­
m e te rs  have  to  b e  e s tim a te d  from  th e  sam e  n u m b e r  o f 
o b se rv atio n s). Since w e  k n o w n  th is  reversa l b eh av io r is 
physically  im possib le , a n  in eq u a lity  c o n s tra in t o p tim iza ­
tio n  w as im p le m e n ted  (e.g. Fletcher, 1991): in  e ach  s tep  o f 
th e  L ev en b erg -M arq u a rd t a lg o rith m  a ch eck  is p e rfo rm ed  
to  v e rify  if an y  tim e  reversa ls have  occurred . If th e  
m in im al sam p le  p e rio d  is lo w er th a n  20% o f  th e  average 
sam p le  period , th e  c o n s tra in ts  b eco m e  ac tive  a n d  th e  TBD 
a t th e s e  sam p le s  is fixed a t  th is  m in im u m  for th is  s tep  of 
th e  o p tim iza tio n  ro u tin e . The d o tte d  line  in  Fig. 4  show s 
th e  re su lt a f te r  th e  im p le m e n ta tio n  o f  th e  in eq u a lity  
c o n s tra in t o p tim iza tio n . This 20% is a n  a rb itra ry  boundary . 
If th e  d a te s  o f tw o  o b se rv a tio n s co incide, th e  acc re tio n  
ra te  a t  th a t  t im e  is infin ite, w h ic h  is n o t realistic . Even if 
tw o  o b se rv a tio n s do  n o t co inc ide  b u t  a re  d a te d  to o  c losely  
to  each  o ther, th e  c o rre sp o n d in g  acc re tio n  ra te  is no 
longer realistic . So, a t  a  c e r ta in  acc re tio n  ra te  w e  have to  
co n tro l th e  fu r th e r  ev o lu tio n  o f th e  tim e  b a se  d u rin g  th e  
o p tim iza tio n  process. The c o n s tra in ts  b eco m e  active  w h e n  
th e  t im e  b e tw e e n  tw o  n e ig h b o rin g  o b se rv a tio n s  beco m es 
sm a lle r th a n  20% o f  th e  average  one. Obviously, th e  va lue  
o f th is  p a ra m e te r  can  be  ch an g ed  if necessary .

5. Selecting the optimal model complexities fi and b

If w e  sto p p ed  dev elo p in g  th e  a lg o rith m  a t th is  po int, 
th e  co m p lex ity  o f th e  signal m odel a n d  tim e  b ase  m odel, 
q u an tif ied  b y  h a n d  b, respectively , a re  still ch o sen  by  th e  
user. Fig. 5 sh o w s so m e ex am p les o f  th e  acc re tio n  ra te  an d  
Fig. 6 th e  a sso c ia ted  signal m odels, e s tim a te d  from  th e  
sam e  m e a su re m e n t record , w ith  id en tica lly  th e  sam e 
a lg o rith m , b u t  w ith  d iffe ren t levels o f com plexity .

80
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Fig. 5. Accretion rates for different model complexities (all m atched on 
clam 1). Variations increase w ith  increase in complexity, bu t w hich of 
these accretion rates describes reality best? Accretion rates of about 
70 m m /year are fixed a t these levels due to activated constraints.
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Fig. 6. One period of signals w ith  different complexities (all m atched on 
clam 1). Black signal am plitude is different from green signal am plitude. 
Signal m inim a correspond quite well (June), bu t maxim a change w ith 
about 1 m onth. W hich of these models is close to reality?

In th is  sec tion , th e  s tra te g y  for se lec tin g  o p tim a l va lues 
for h a n d  b is p re sen ted . A good cho ice  w ill re su lt in a 
m ax im u m  e x tra c tio n  o f in fo rm atio n , b u t  a  to o  s im p le  o r 
to o  co m p lex  m odel w ill p ro d u ce  less a ccu ra te  o r  p recise  
resu lts . Increasing  th e  m o d el co m p lex ity  w ill d ecrease  th e  
sy s tem atic  e rro rs ; how ever, a t  th e  sam e  tim e  th e  m odel 
v a riab ility  increases. In o th e r  w o rds: a t  a  c e r ta in  co m p lex ­
ity  th e  a d d itio n a l p a ra m e te rs  no  lo n g er red u ce  th e  
sy s tem atic  e rro rs  b u t  a re  u se d  to  fit th e  a c tu a l no ise  
rea liza tio n  o f  th e  da ta . H ence, it is n o t a  good  id ea  to  se lec t 
th e  m o d el w ith  th e  sm a lle s t co st fu n c tio n  (b e s t fit) w ith in  
th e  se t b ecau se  it w ill g en era lly  c o n tin u e  to  d ecrease  
w h e n  m o re  p a ra m e te rs  a re  ad d ed . For th is  reaso n  th e  cost 
fu n c tio n  is e x te n d ed  w ith  a p e n a lty  te rm  th a t  c o m p e n ­
sa tes  for th e  in creas in g  m odel variab ility . In th is  way, th e  
re su ltin g  m o d el se lec tio n  c riterio n , ca lled  MDLC (De 
R idder e t  al., 2005), is ab le  to  d e te c t u n d e rm o d e lin g
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( =  to o  sim p le  m odel) as w ell as o v erm o d e lin g  ( =  too  
co m p lex  m odel). In th e  ex am p les o f  th is  p a p e r  th e  
c rite rio n  to  b e  m in im ized  h as th e  fo llow ing  ex pression :

Table 1
One thousand Monte-Carlo sim ulations have been run

MDLc ( 0, n e, nc, N) =  exp  p c(ne, nc, N)

w ith  p e n a lty

p c(ne,n c,N) =
ln(N)(ne -  n c +  1)

(4 )

( 5 )
N  -  (ne -  n c) -  2

a n d  0 th e  o p tim ized  v a lu es o f th e  m o d el p a ram ete rs , K(0) 
th e  resid u al co st fu n c tio n  (res id u a l su m  o f  squares), N  th e  
to ta l n u m b e r  o f  ob se rv a tio n s, n g th e  n u m b e r  o f  p a ra ­
m e te rs  a n d  n c th e  n u m b e r  o f  active  c o n stra in ts . This 
c rite rio n  ex p resses th a t  if  th e  co st fu n c tio n  d ecreases 
fa s te r  th a n  th e  e x p o n en t o f th e  p e n a lty  te rm , th e  m ore  
co m p lex  m o d el is p re fe rred  over th e  s im p le r one. 
A d e ta ile d  d e sc rip tio n  o f  m o d el se lec tio n  c rite ria  can  be 
fo und  in  A kaike (1974), R issanen  (1978), Schw arz (1978), 
De R idder e t  al. (2005), d e  B rauw ere  e t  al. (2005). N otice 
th a t  in tro d u c in g  a  m o d el se lec tio n  c rite rio n  e n ab le s  th e  
a u to m a tic  se lec tio n  o f th e  o p tim a l m o d el co m p lex ity  (i.e. 
th e  o p tim a l v a lu es for h an d  b), ag a in  e lim in a tin g  an  
in te rfe ren ce  from  th e  user, w h ich  m ak es th e  p ro p o sed  
m e th o d  m o re  o b jec tiv e  an d  u se r  in d ep e n d en t. E specially  
for th e  tim e  b ase  co m p lex ity  b su ch  a c rite rio n  is o f m u ch  
help , since  th is  co m p lex ity  is d ifficu lt to  in te rp re t in te rm s  
o f physical c o n s tra in ts  o r  processes.

Practically, th e  u se r  chooses th e  m ax im u m  v a lu es for h 
an d  b, i.e. (fimax, bmax). Next, all m o d els  w ith  a  m odel 
co m p lex ity  b e tw e e n  (h,b) =  (0,0) a n d  th is  m ax im u m  are  
o p tim ize d  a n d  Eqs. (4) an d  (5) a re  u se d  to  se lec t th e  b e s t 
m o d el w ith in  th is  se t ( lo w est MDLC value).

W h a t v a lu es sh o u ld  b e  ch o sen  for (fimax, bmax)? The 
th eo re tic a l m ax im a  for h a n d  b a re  g iven  by  th e  n u m b e r  o f 
o b se rv a tio n s  N : h+bicN. H ow ever, Eqs. (4) a n d  (5) w ill 
n e v e r se lec t th is  m o st co m p lex  m odel. In an y  practica l 
case, th e  m ax im u m  co m p lex ity  o f th e  signal m o d el is 
lim ited  b y  th e  N yqvist frequency. So, as a  ru le  o f th u m b , 
fimax eq u als  th e  average  n u m b e r  o f  o b se rv a tio n s  in each  
y e a r o r  period . For th e  co m p lex ity  p a ra m e te r  o f  th e  tim e  
base , bmax, a  ru le  o f  th u m b  c an n o t b e  p ro v id ed  so easily. 
From  o u r  o w n  ex p erien ce , w e  su g g est th a t  a t  lea s t five to  
te n  o b se rv a tio n s  p e r  basis fu n c tio n  sh o u ld  b e  available. 
So, s ta r t  w ith  bmax =  JV/10. If th e  m o d el se lec tio n  c rite rio n  
(Eqs. (4) a n d  (5)) se lec ts  th is  m ax im u m , th e  o p tim iza tio n  
p ro ced u re  sh o u ld  b e  re p ea te d  w ith  a  h ig h er com plexity .

6. Monte-Carlo simulations

To te s t  th e  re liab ility  o f th e  a lg o rith m  a n d  q u an tify  
no ise  p ro p ag atio n , a  M onte-C arlo  s im u la tio n  is u sed  
(F ishm an, 1996). Firstly, p e rfo rm an ce  o f th e  m e th o d  is 
te s ted , fo llow ed  b y  a n  e x am in a tio n  o f  th e  n o ise  p ro p a g a ­
tion .

In o rd e r  to  te s t  th e  accuracy o f  the  m ethod, w e  have 
te s te d  it w ith  a  re la tiv e  s ta n d a rd  d e v ia tio n  o f 40% (sig n a l- 
to -n o ise  ra tio  o f  2.5). This is a  re la tiv e ly  w eak  signal. One 
th o u sa n d  m e a su re m e n t se ts  w e re  g e n e ra te d  a n d  all 
m o d els  w e re  o p tim ize d  w ith  co m p lex ities  v a ry in g  from  
zero  to  five h a rm o n ics  fie{ 0  5} a n d  from  zero  to  te n

0 1 2 3 4 5 6 7 8 9 10

Selected h 0 3 985 12 0 0 _ _ _ _ _

Selected b 0 0 0 4 838 22 7 108 19 2 25

In this table the d istribution of the selected model complexities is 
shown. The 'true ' model consisted of tw o harm onics h — 2, and four tim e 
base distortion param eters b — 4. In the large m ajority of sim ulations 
(83.3%) the criterion was able to identify the 'true ' model (italic).

sp lin e  fu n c tio n s b e { 0  10}. The ‘t r u e ’ s im u la ted  m odel
co n sis ts  o f tw o  h a rm o n ics  a n d  fo u r sp line  b asis fu n c tio n s 
(h = 2, b =  4). Table 1 sh o w s th e  d is tr ib u tio n  o f  th e  
se lec ted  co m p lex ities  a f te r  p e rfo rm in g  1000  M onte-C arlo  
sim u la tio n s . In 83.3% th e  MDLC crite rio n  w as ab le  to  
id en tify  th e  co m p lex ity  o f th e  ‘t r u e ’ m odel. N ote th a t  th is  
v a lu e  increases to  98% if th e  re la tiv e  s ta n d a rd  d e v ia tio n  o f 
th e  s to ch as tic  no ise  is d ec reased  to  a  m o re  rea lis tic  10% 
(te s te d  on  100 sim ula tions).

To w h a t e x te n t d o es m e a su re m e n t noise influence the  
actual param eter values? This can  b e  a sse ssed  by M onte- 
Carlo s im u la tio n s , b u t  a lso  b y  lin ea riz in g  th e  m o d els  and  
calcu la tin g  th e  e rro r  p ro p ag a tio n  d irec tly  (P in te lo n  an d  
Schoukens, 2001). H ow ever, th e  la t te r  m e th o d  is on ly  
ap p ro x im ate , e sp ecia lly  if th e  m odel is h igh ly  n o n lin e a r in 
th e  p a ra m e te rs  a n d /o r  if  th e  no ise  level is large. Both 
co n d itio n s  can  be  checked  s im u lta n eo u s ly  by  co m p arin g  
th e  lin ea r analysis w ith  th e  M onte-C arlo  s im u la tio n . This 
co m p ariso n  for th e  m o d el p a ra m e te rs  is su m m ariz ed  in 
Table 2. Both seem  to  co rre sp o n d  w ell a n d  w ill co rre sp o n d  
e v en  b e tte r  for lo w er (m o re  realis tic ) n o ise  levels. If w e  
c o m p are  th e  u n c e rta in tie s  on  th e  signal an d  tim e  b ase  
(n o t show n), w e  co m e to  th e  n e x t conclusions: th e  
average  s ta n d a rd  d e v ia tio n  on  th e  re sid u a l is 0.14 p e r 
m il acco rd ing  to  th e  M onte-C arlo  s im u la tio n , w h ile  it is 
0.12 p e r  m il acco rd ing  to  th e  lin ea rized  u n c e r ta in ty  
e stim a tio n . T hough, for th e  tim e  base, th e  M onte-C arlo  
s im u la tio n  finds a n  u n c e r ta in ty  o f 0 .07 year, w h ile  th e  
lin ea rized  u n c e r ta in ty  e s tim a tio n  find  0.02 years. This 
d ifferen ce  is p ro b ab ly  d u e  to  th e  n o n -lin e a rity  o f th e  
m o d el w ith  re sp ec t to  th e  TBD p a ram ete rs .

7. Application: Saxidomus giganteus

The m eth o d  is illu stra ted  on  th e  stab le  oxygen iso tope 
records (<5lsO) m easu red  in th e  a rag o n ite  shells o f  S. 
giganteus  from  Puget Sound (W ash ing ton  State, USA) 
sam p led  in S ep tem ber 2001. For a  d e ta iled  desc rip tio n  o f 
th e  ex p erim en ta l se tu p  an d  in te rp re ta tio n  of th e  results, w e  
re fer in te res ted  readers to  Gillikin e t  al. (2005). This site 
generally  experiences a  SST range o f 8 °C (8 -1 6  °C) an d  has a 
sa lin ity  o f  27.7 +  1.06 %0, w ith  occasional (less th a n  yearly) 
p eriods o f fresh w ate r in p u t reducing  salin ity  to  ca. 20%o. A 
th ick  section  o f th e  a rag o n ite  shell w as sam p led  u sin g  a 
co m p u te r-co n tro lled  m icro-drill from  grow ing  tip  to  h a lf 
w ay  to  th e  um bo. The ca rb o n a te  p o w d er ( +  1 0 0 p g  pe r 
hole) w as p rocessed  using  a n  a u to m a te d  carb o n a te  device 
(Kiel III) co up led  to  a  Finnigan Delta+XL. D ata w ere  
co rrec ted  using  an  in te rn a l lab o ra to ry  s tan d ard  an d  are
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Table 2
Summ ary of the uncertainties on the param eters estim ated w ith  a linearized uncertainty propagation m ethod and w ith a Monte-Carlo sim ulation

Period Offset Am plitudes TBD param eters

2tí¡co (year) A0  (%o) Aí (%o) A 2 (%o) A3  (%o) A4  (%o) B í b 2 b 3 b4

True param eter values 1 0 1 -0 .5 0 0.5 0.4 -0 .4 0.2 0.2
Estim ated param eters 1.0099 0.05 0.95 0.34 -0 .0 3 0.66 0.31 -0 .4 4 0.15 0.13

Param eter standard deviation from
Linearization o f m odel 0.0038 0.04 0.06 0.11 0.09 0.08 0.036 0.052 0.054 0.045
Monte-Carlo sim ulation 0.004 0.04 0.06 0.12 0.09 0.08 0.03 0.05 0.05 0.03

The estim ated values are taken from the first run  of the simulation.
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Fig. 7. Clam 1: (a) raw data and (b) signal on constructed tim e base (full line) and signal model (dotted line).

rep o rted  relative to  V-PDB in  conven tional no tation . 
Precision is generally  b e tte r  th a n  0.08%o. Two d ifferen t 
spec im ens w ere  stu d ied  an d  th e  raw  d a ta  are  sh o w n  in 
Figs. 7a  a n d  8a (see  Gillikin e t al. (2005) for m ore  details). 
Since th e  spec im ens com e from  th e  sam e sam p lin g  site, it is 
expected  th a t th ey  have reco rded  sim ilar env iro n m en ta l 
conditions. However, d u e  to  individually  vary ing  g row th  
ra tes th e  m easu red  d is tan ce  series a re  d is tin c t (Figs. 7a and  
8a). The co rre la tio n  b e tw een  th e  reco n stru c ted  tim e  
records can  th u s  b e  used  to  v a lida te  th e  m eth o d . The 
records consist o f 190 (c lam  1) a n d  123 (c lam  2) o bserva­
tions a n d  cover periods o f  ap p ro x im ate ly  9 years. The large 
w in te r -s u m m e r  varia tio n s a re  reflected  in th e se  signals 
an d  m otiva te  th e  hypo thesis o f a  period ic  signal m odel.

T he m ax im u m  m odel co m p lex ity  w as lim ited  to  four 
h a rm o n ics  a n d  20  TBD p a ram ete rs , i.e. (h ,b )max =  (4,20). 
For c e r ta in  m o d el co m p lex ities, th e  c o n s tra in ts  b ecam e 
active. This w as ty p ica lly  th e  case  w h e n  th e  n u m b e r o f

TBD p a ram e te rs  b e ca m e  high. The re su lts  a re  su m m ariz ed  
in Table 3: for b o th  c lam s th e  lo w est m o d el se lec tio n  
c rite ria  w e re  fo u n d  for a  signal m o d el co n sis tin g  o f o n ly  
o n e  h a rm o n ic . Both sam p les w e re  co llec ted  in 2001 an d  
th e  m o st re ce n t o b se rv a tio n  w as d a te d  as April 1, so th a t  
a n n u a l m ax im a  in <5180  c o rre sp o n d  to  w in te r  situ a tio n s. 
The c o rre la tio n  b e tw e e n  b o th  re co n s tru c te d  reco rd s is 
84% (see  Fig. 9), w h e rea s  th e  o rig ina l c o rre la tio n  (in  th e  
d is tan c e  d o m ain ) w as o n ly  27%. T he a cc re tio n  ra te s  o f 
b o th  c lam s a re  sh o w n  in  Fig. 10. N ote th a t

(i) a n n u a l v a ria tio n s  in  th e  a cc re tio n  ra te  m ay  have 
occurred , b u t  such  a TBD m o d el w as to o  co m plex  
acco rd in g  to  th e  MDLC c riterio n . So, th e  q u a lity  o f th e  
d a ta  is n o t su ffic ien t to  su p p o rt a n n u a l v a ria tio n s  in 
th e  TBD;

(ii) th e  e s tim a te d  acc re tio n  ra te s  d ec rease  slow ly  w ith  
age, w h ich  can  b e  ex pected ;
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Table 3
Summary o f the selected models used in the Saxidomus giganteus 
examples

Clam 1 Clam 2

Residual cost function (per mil)2, I<(9) 3.48 4.64
Automated model selection criterion (per mil)2 MDLC 0.045 0.048
Number o f observations, N 133 123
Selected number o f harmonics, h 1 1
Selected number o f TBD parameters, b 9 10

8. Summary and conclusion

A n ew  m e th o d  to  re co n s tru c t th e  tim e  b ase  for period ic  
a rch iv es w as p re sen ted . It is b a se d  o n  th e  m e th o d s  
d esc rib ed  in M artin so n  e t  al. (1982) a n d  De R idder e t  al. 
(2004), a n d  is c losely  re la te d  to  th e  o n e  p ro p o sed  by 
B riiggem an (1992). The n o v e lty  o f th is  a p p ro ac h  is th a t  it 
e s tim a te s  th e  t im e  b ase  to g e th e r  w ith  th e  signal d e sc rib ­
ing  th e  tim e  series. The m e th o d  has severa l ad v an tag es:

(iii) m o st v a ria tio n  occurs a t  m o re  o r less th e  sam e  
m o m e n ts  in  b o th  clam s.

The la t te r  is re flected  in th e  co rre la tio n  o f 63% b e tw e e n  
th e  tw o  acc re tio n  ra te  profiles. T he m ism a tch  b e tw e e n  th e  
tw o  peaks a ro u n d  1996 can  b e  d u e  to  e rro rs  still p re sen t 
in  th e  tim e  base, w h ich  is u se d  to  c o n s tru c t a n d  d a te  th e  
acc re tio n  ra te . An a lte rn a tiv e  e x p la n a tio n  can  b e  found  in 
th e  fact th a t  th e  acc re tio n  ra te  is a  n o n -lin e a r fu n c tio n  of 
th e  TBDs. C onsequently , sm all e rro rs  on  th e se  p a ram e te rs  
c an  have a  la rg e r in flu en ce  on  th e  acc re tio n  ra te  th a n  on  
th e  TBD itself.

The re la tiv e ly  h igh  co rre la tio n  illu s tra te s  th a t  th e se  
v a ria tio n s  a re  re lev an t (i.e. it d o es no t reflect th e  
s to ch as tic  no ise) a n d  th a t  th e y  a re  d e te rm in e d  n o t o n ly  
b y  th e  age a n d  physio logy  o f th e  in d iv idua l sp ec im en s b u t 
a lso  by  ex te rn a l forcing. O therw ise , acc re tio n  ra te  
d ec rease  w ith  age  w o u ld  b e  m u ch  sm o o th e r  o r in  a 
ra n d o m  m a n n e r  w ith  m u ch  less s im ila rity  b e tw e e n  b o th  
sp ec im ens. Such p rec ise  e s tim a tio n s  o f  th e  acc re tio n  ra tes  
o p e n  th e  poss ib ility  to  u se  th is  in fo rm a tio n  for c lim ate  
reco n s tru c tio n  p u rposes.

(i) it is co m b in ed  w ith  a s ta tis tica lly  b a sed  m odel 
se lec tio n  c rite rio n  (MDLC), to  ch oose  th e  m o st 
a p p ro p ria te  m o d el com plex ity ;

(ii) w h ich  m ak es it ro b u st to  o v erm o d e lin g  in th e  signal 
a n d  tim e  b a se  m odel; an d

(iii) w h ich  m ak es it ro b u st to  u n d e rm o d e lin g ;
(iv) it is ro b u st to  sto ch as tic  m e a su re m e n t erro rs , since 

p a ram e tric  signal a n d  tim e  b a se  m o d els  a re  used , 
w h o se  co m p lex ities  a re  carefu lly  chosen ,

(v) it is ro b u s t to  n o n -s in u so id a l perio d ic  signals, 
b ecau se  o v e rto n es  a re  m o d eled  too.

The c o m b in a tio n  o f (i) a n d  (iv) m ak es it po ss ib le  to  
large ly  se p a ra te  th e  s to ch as tic  no ise  from  th e  sign ifican t 
va ria tio n s . The c o m b in a tio n  o f  (i), (ii) an d  (iii) a llow s th e  
u se r  to  e x tra c t th e  m ax im u m  a m o u n t o f  sign ifican t 
in fo rm atio n , “h id d e n ” in  th e  record . In ad d itio n , all tu n in g  
is d o n e  by th e  a lg o rith m , w h ic h  m ak es th e  m e th o d  u se r- 
frien d ly  a n d  m o re  ob jective. On th e  o th e r  hand , th e  
a lg o rith m  d o es a ssu m e  th a t  th e  ‘t r u e ’ reco rd  is periodic, 
w h ic h  m ay  n o t be  tru e . A v io la tio n  o f  th is  a ssu m p tio n  m ay  
b ias  th e  final resu lt. H ow ever, th is  a ssu m p tio n  is a lread y
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m u ch  less s tr in g e n t th a n  a ssu m in g  th e  full tim e  series  to  
b e  know n. M oreover, th e  g en era l s tra te g y  p ro p o sed  h e re  is 
n o t lim ited  to  p e rio d ic  signal m odels, a lth o u g h  g a th e rin g  
in itia l v a lu es for a rb itra ry  m o d els  can  b eco m e  a  h a rd  task.

T he m e th o d  has b e en  ex em p lified  on  tw o  reco rd s o f 
<5180 , m ea su re d  in  c lam s. Both c lam s lived in  th e  sam e 
e n v iro n m en t, so th e  tim e  series o f  <5180  cou ld  b e  u sed  to  
check  th e  ro b u s tn e ss  o f  th e  m eth o d . A fter in d e p e n d e n t 
o p tim iza tio n  o f  th e  tw o  reco rds th e  co rre la tio n  b e tw e e n  
b o th  reco rd s in creased  from  27% to  84%. F u rth e rm o re , th e  
c o rre la tio n  b e tw e e n  th e  in d ep e n d en tly  e s tim a te d  acc re ­
tio n  ra te s  w as 63%. This co u ld  in d ica te  th a t  also  th e  
acc re tio n  ra te  is ch an g in g  w ith  v a ry in g  en v iro n m en ta l 
c o n d itio n s in a  d e te rm in is tic  m anner.

W ith  th e se  a rg u m e n ts  a n d  resu lts , w e  ho p e  to  have 
conv in ced  th e  re ad e r  o f th e  im p o rta n ce  o f a  co rrec t tim e  
b ase  reco n stru c tio n . As se e n  in  th e  c lam  exam ple , th is  is 
n ecessa ry  for in te rco m p a rin g  records, b u t  it is a lso  critica l 
for an y  q u a n tita tiv e  u n d e rs ta n d in g  o f  p ro cesses u n d e r­
lying th e  p roxy  da ta . In p a leo c lim a te  s tu d ie s  th is  issue  
m ay  have  co n sid e rab le  in fluence  on  th e  a c tu a l p o ten tia l o f 
e.g. m u lti-p ro x y  app ro ach es . In a p p lica tio n s  w h e re  m u lti­
p le  e le m e n ts  o r  iso to p es a re  m ea su re d  in  th e  sam e 
sam ple , specific  signal m o d els  m ay  be  u sed  for each  
proxy  (i.e. n o t n ecessa rily  pe rio d ic  as in  Eq. (1), b u t  e.g. 
e x p o n en tia lly  decay ing) b u t  a ll p rox ies m u s t have th e  
sam e  tim e  b a se  m odel.
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