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Automatic Statistical Processing of M ultibeam  

Echosounder Data

By  Bria n  C ald er, C e n te r fo r C o a sta l an d  O c e a n  M ap p in g  &  Jo in t H y d ro g rap h ic  C e n te r, 

U n iv e rs ity  o f  N e w  H am p sh ire , U n ite d  K in g d o m

i

This  pape r p re s e nts  the  CUBE (Co m ­

bine d Unc e rta inty and Ba thym e try Es ti­

m ato r) a lgo rithm . Our aim is  to  take  

advantage  o f s ta tis tic a l re dundanc y in 

de ns e  Multibe am  Ec ho s o unde r data to  

id e ntify o u tlie rs  while  tra c kin g  the  

unc e rta inty a s s o c ia te d  with the  e s ti­

m ate s  tha t we  make  o f the  true  de pth 

in the  s urve y are a . We  re c o gnis e  tha t a 

c o m p le te ly a uto m a tic  s ys te m  is  

im pro bab le , but pro po s e  tha t s ignifi­

c a nt b e ne fits  can s till be  had if we  can 

a u to m a tic a lly p ro c e s s  go o d  q ua lity 

data , and highlight a re as  tha t pro bab ly 

ne e d  fu rth e r a tte ntio n . We  o utline  

CUBE and its  a s s o c ia te d  s up p o rt s truc ­

ture s , and apply it to  a d a ta s e t fro m  

Wo o ds  Ho le , MA, USA. We  illus tra te  

CUBE'S  o utput s urfa c e s , s ho w tha t the  

algo rithm  fa ithfully m a inta ins  s ignifi­

c ant b a thym e tric  de ta il, and ho w the  

a lgo rithm 's  a uxilia ry o utputs  can be  

use d in the  d e c is io n-m a king p ro c e s s . 

Co m paris o n with a s e le c te d  s o unding 

s e t s ho ws  tha t CUBE’ S o utputs  agre e  

ve ry we ll with tra d itio na l appro ac he s .

Introduction

The  Data  Pro c e s s in g  Cha lle nge

Pro c e s s ing  o f Multibe am  Ec ho s o unde r 

(MBES) data is  a c ha lle nging ta s k fro m  

bo th hydro graphic  and te c hno lo gic a l 

p e rs p e c tive s . The re  has  be e n an 

e m pha s is  in the  pas t on im pro ving 

m e tho d o lo gie s  and te c hno lo gie s  fo r

the  c o lle c tio n o f data  witho ut a c o rre ­

s po nd ing e m p ha s is  on ne w m e tho ds  

fo r data pro c e s s ing. We  are  now fac e d 

with the  s itua tio n tha t we  can c o lle c t 

data muc h fa s te r than we  can c o nve ­

nie ntly p ro c e s s  it. With m o de rn sha llo w 

wa te r s ys te m s  running at up to  9 ,6 0 0  

s o und ings / s e c o nd , data c o lle c tio n at 

the  rate  o f a ppro xim a te ly 2 5 0  m illio n 

s o u n d in g s / d a y/ s ys te m  is  p o s s ib le . 

Pro c e s s ing  at tha t rate  us ing c o nve n ­

tio na l m e tho ds  is  m o re  d iffic ult: it is  no 

lo nge r re a lis tic  to  c o ntinue  with the  tra ­

d itio na l hand-e xam inatio n pro c e s s ing 

m e tho do lo gy.

We  have  to  find s o m e  ac c e ptab le  s o lu ­

tio n to  handle  a uto m a tic a lly as  muc h o f 

the  data as  p o s s ib le . Iro nic a lly, c o lle c t­

ing de ns e  MBES data  m ay be  the  b e s t 

s o lutio n to  the  pro ble m  o f MBES data. 

Multibe am  s ys te m s  and o pe ra ting pro ­

c e dure s  have  advanc e d to  the  s tage  

whe re  m o s t data is  m o s tly c o rre c t 

m o s t o f the  tim e . With s uita b ly de ns e  

MBES data , we  s ho uld  be  ab le  to  c o n ­

s truc t s ta tis tic a lly ro b us t e s tim a te s  o f 

de pth in a lm o s t all c a s e s , and use  the  

c o ns is te nc y o f the  data to  indic ate  

are as  whe re  the re  are  d iffic ultie s  that 

re quire  furthe r a tte ntio n. An auto m atic  

m e tho d  a ls o  pro vid e s  an o b je c tive  

appro ac h to  the  pro b le m . Human o pe r­

a to rs  are  c urre ntly m aking s ub je c tive  

d e c is io ns  abo ut e ve ry s ingle  s o unding 

tha t the y s e le c t as  ‘ no t fo r us e ’ , with 

the  tim e  burde n and q ua lity a s s ur­

anc e / c o ntro l c o nc e rns  tha t this  sub je c -



tivity im plie s . Re gard le s s  o f tra ining, e xpe rie nc e  

and de dic atio n, this  will e ve ntua lly le ad to  m is ­

ta ke s  that may be untrac e ab le . An o b je c tive  auto ­

matic  me tho d sho uld  me an tha t the  o pe rato rs  o nly 

have  to  e xam ine  the  data tha t do e s  no t c o rre s po nd  

to  the  norm. Tha t is , we  sho uld  have  the  o pe rato rs  

e xam ine  o nly the  data tha t re a lly ne e ds  wo rk, no t 

ro utine ly e xam ine  e ve ry s o unding be ing gathe re d. 

In this  way, we  re duc e  the  num be r o f s ub je c tive  

d e c is io ns  tha t have  to  be  made , re duce  o pe rato r 

fatigue  and burno ut, and fa c ilita te  fa s te r pro c e s s ­

ing o f data.

The  traditio nal hydro graphic  appro ac h has be e n to  

c o ns ide r the  q ua lity o f the  c o m po ne nt s o und ings  

tha t are  re pre se nte d  on the  sm o o th s he e t (i.e ., the  

prim ary arc hive  o f the  s urve y). Pre vio us  wo rk on 

auto m atic  pro c e s s ing has  m aintaine d this  ide a, 

whe the r a tte m pting to  s im ula te  the  human o pe ra ­

to r [Du e t a l., 1 9 9 6 ], no m inate  dub io us  so undings  

by a ro b us t m e asure  o f lo c al ne ighb o ur pro pe rtie s  

[De b e se , 2 0 0 1 ; De b e se  & Mic haux, 2 0 0 2 ; Ee g, 

1 9 9 5 ], o r by lo o king at s ta tis tic a l c o ns is te nc y in an 

are a [Ware  e t a l., 1 9 9 2 ; Go urle y & De s Ro c he s , 

2 0 0 1 ] (s e e  [Ca lde r & Maye r, 2 0 0 2 ] fo r a mo re  

e xte ns ive  d is c u s s io n ). Ho we ve r, wha t th is  

appro ac h ans we rs  is  the  q ue s tio n 'Ho w go o d is 

this  m e a s ure m e nt? ’ and no t the  q ue s tio n ‘ How 

we ll do  we  kno w the  de pth at this  po int on the  

s e a flo o r? ’ We  c o nte nd tha t this  la tte r que s tio n is 

the  one  that we  s ho uld  be  ans we ring; tha t is , the  

pro c e s s ing go al is  to  de te rm ine  the  de pth in the  

s urve y are a , rathe r than s e le c t s o und ings . Onc e  

we  have  de te rm ine d the  de pth s u ffic ie ntly we ll 

ac ro s s  the  s urve y are a to  build a s uitab le  s urfa c e  

mo de l, we  may make  hydro graphic  d e c is io ns  on 

what is  s ignific a nt and what is  no t.

The  re s ta te m e nt o f the  hydro graphic  q ue s tio n 

abo ve  is  intuitive ly appe a ling. It is inhe re ntly s ta ­

tis tic a l in nature , a c c e pting that o ur kno wle dge  o f 

the  de pth may be  lim ite d , and s ub je c t to  update  as 

we  gathe r mo re  data . It im plie s  tha t we  can and 

s ho uld  use  m o re  than o ne  s o unding (if ava ilab le ) to  

update  o ur info rm atio n on de pth, us ing re dundanc y 

to  de al with the  no is e  inhe re nt in e ac h m e as ure ­

me nt. And it fo c us e s  d ire c tly on the  quantity that 

we  want to  m e as ure , a im ing to  ge t as  c lo s e  as po s ­

s ib le  to  the  ‘c o rre c t’ ans we r dire c tly, be fo re  s ub s e ­

que ntly applying any s a fe ty c o ns tra ints  m andate d 

by go o d hydro graphic  prac tic e  (s e e , e .g ., [Sm ith e t 

a l., 2 0 0 2 ]).

Ho we ve r, it a ls o  po s e s  so m e  pro b le m s . How do  we 

e s tim ate  the  e rro rs  in the  m e a s ure m e nts ?  How do

we  d is tinguis h no rm al s ta tis tic a l va ria tio ns  fro m 

o utlie rs ?  How do  we  utilis e  info rm atio n fro m  a s e t 

o f ne ighbo uring s o undings  to  e s tim ate  the  'true ' 

de pth?  The  e xte nt to  whic h we  can re so lve  the se  

pro b le m s  d e fine s  the  advantage s  we  can e xpe c t 

fro m  an auto m atic  pro c e s s ing m e tho d.

Hydrographic Concerns

As  c o ns c ie ntio us  hydro graphe rs  c o nc e rne d  with 

s a fe ty and c harting, the  no tio ns  o f ‘e s tim a te d ’ 

de pths , s urfa c e  m o de ls  and c o m binatio ns  o f m e as ­

ure m e nts  sho uld  raise  so m e  c o nc e rn, if no t e ye ­

bro ws. It is  im po rtant to  po int out, the re fo re , that we  

do  ail o f the s e  things  alre ady. For e xam ple , we  e s ti­

mate  de pth by me asuring trave l time  o f so und and 

c o nve rting it, mo re  o r le s s  we ll, into  range , and 

the nc e  thro ugh so m e  ray appro xim atio n o f ac o ustic  

re frac tio n into  de pth and distanc e . We  make  an 

implic it pre dic tio n o f s urfac e  c o ntinuity in e ve ry 

c ha rt c o ns truc te d  thro ugh the  use  o f s e le c te d 

so undings  o r c o nto urs . We  c o m bine  m e asure m e nts  

fro m  a myriad o f s ys te m s  to  make  e ve ry MBES 

m e asure m e nt. Each one  o f the s e  m e asure m e nts  is 

in e rro r, and so  the re fo re  is  any c o m binatio n o f 

the m . He nc e , it make s  no s e ns e  to  ta lk o f any one  

so unding as  be ing the  de pth -  all o f the  s o undings  

have  s o m e  e rro r, and this  e rro r is  no t unifo rm 

ac ro s s  the  swath, be twe e n s ys te m s , o r a c ro s s  all 

s urve y e nviro nm e nts . Co nse que ntly, unle ss  we  take  

ac c o unt o f the se  e rro rs , we  may be  de ce ive d abo ut 

the  de pth in an are a due  to  no ise  in the  MBES s ys ­

te m , in the  mo tio n s e ns o rs , o r in the  GPS. 

Curre ntly, we  de al with data by e xpe rie nc e  and 

prac tic e . We  e xpe c t c e rta in MBES to  fa il in c e rta in 

wa ys ; we  as k o pe ra to rs  to  make  s ub je c tive  de c i­

s io ns  on wha t is  re al and wha t is  no t; we  s trip  o ut 

data  pas t a c e rta in o ff-na d ir angle , e ve n tho ugh it 

appe ars  to  be  ‘ no rm a l’ , base d on a q ua lita tive  o r 

ro ughly q uantita tive  o b s e rva tio n tha t o ute r be am s  

are  m o re  no isy. Ho we ve r, none  o f the s e  s o lutio ns  

is  re a lly ade quate  as  data vo lum e s  inc re as e  -  with 

a mo de rn MBES surve y, can we  re a lly a ffirm  tha t 

we  have  ins pe c te d  e ve ry so unding?

We  s ugge s t tha t a s ta tis tic a lly jus tifie d  e s tim ate  o f 

de pth is no t only a re aso nable  me tho d o f pro c e e d ­

ing, it is a re quire d me thod [Smith e t a i., 2 0 0 2 ]. It is 

c e rta inly a mo re  o b je c tive  so lutio n to  the  proble m.

The  CUBE Algorithm

We  pro po se  an a lgo rithm  tha t ta ke s  unc le ane d 

MBES data and a tte m pts  to  e s tim a te  the  true  

de pth at a c o lle c tio n o f po int lo c atio ns  arrange d in a



ne twork o ve r the  s urve y are a. At e ac h po int, o r 

no de , we  maintain an e s tim ate  o f the  true  de pth and 

the  a  p o s t e rio ri varianc e  o f this  de pth, whic h we  

update  as  mo re  data b e c o m e s  availab le  in the  are a. 

In o rde r to  de al with no is e  o r o utlie r data, we  im ple ­

m e nt a m o nito ring s c he m e  tha t c he c ks  ne w data 

aga ins t c urre nt e s tim a te s ; if the  data is inc o ns is te nt 

(o utwith limits  base d on the  e xpe c te d e rro r a s s o c i­

ate d with the  data), the n it is  m o de lle d  and trac ke d 

se para te ly. He nc e , e ach node  is  re pre se nte d  by a 

c o lle c tio n o f po te ntial de pth e s tim a te s , o r hypo the ­

s e s , e ach with an e s tim ate  o f de pth and its  po s te ri­

o r varianc e . Afte r all data is  ass im ila te d  (o r on 

de m and), we  atte m pt to  c ho o s e  the  m o s t like ly 

hypo the s is  at e ach node  ac c o rding to  a s uitab le  

m e tric  -  o ur go al is to  d e te rm ine  the  true  de pth by 

c ho o s ing the  hypo the s is  tha t appe ars  m o s t like ly 

give n, e .g ., num be r o f de pth so und ings  whic h agre e  

on the  de pth, c lo s e ne s s  to  ne ighbo uring de pths , o r 

c o ns is te nc y o f data . We  the re b y c o ns truc t a s e t o f 

po int e s tim ate s  o ve r the  s urve y are a, e ac h the o re ti­

c a lly re pre s e nting the  b e s t s ta tis tic a lly s uppo rta b le  

e s tim ate  o f de pth in its  lo c atio n. The s e  po int e s ti­

m ate s  m ay the n be  c o nne c te d  into  a s urfa c e  

de sc riptio n o f the  are a, whic h is  m o re  re adily m anip ­

ulate d and pro c e s s e d . Sinc e  the  he a rt o f the  a lgo ­

rithm is  c o nc e rne d with the  e s tim atio n o f unc e rta in ­

ty in the  m e as ure m e nts , we  call the  algo rithm  CUBE 

(Co m bine d Unc e rta inty and Bathym e try Es tim ato r). 

The  re s t o f the  pape r o utline s  the  CUBE algo rithm  

(fo r a m o re  de ta ile d  m athe m atic a l de ve lo pm e nt, 

s e e  [Ca ld e r & Maye r, 2 0 0 2 ]), and d e s c rib e s  the  

tria l im ple m e ntatio n tha t has  be e n b uilt to  te s t the  

ide as  pre s e nte d . We  the n d e s c rib e  a hydro graphic  

s urve y in Wo o ds  Ho le , MA, whic h illus tra te s  the

b e havio ur o f CUBE, and the  use  o f d ia gno s tic  indi­

c a to rs  to  guide  o pe ra to r e ffo rt.

Method

Es tim a tio n  a t a Po int

The  b a s ic  e le m e nt o f CUBE is  an e s tim a tio n no de , 

de fine d  at a po int lo c a tio n with re s p e c t to  s o m e  

fixe d  pro je c te d  c o -o rd ina te  s ys te m . We  can de fine  

the  lo c a tio n o f a no de  a b s o lute ly, and the  node  

the re fo re  re pre s e nts  a true  po int in s p a c e . An 

im m e d ia te  c o ns e q ue nc e  is  tha t the  no de  o nly has 

to  c o ns id e r a s ingle  de pth, s inc e  the re  can o nly be 

o ne  s e a flo o r at a po int lo c a tio n. The re fo re , the  

no de  d o e s  no t ne e d to  tra c k ho rizo nta l unc e rta inty 

(its  lo c a tio n is  kno wn e xac tly), but o nly ve rtic a l 

unc e rta inty in the  true  de pth at the  lo c a tio n. Ano th ­

e r im m e d ia te  c o ns e q ue nc e  o f th is  b a s ic  d e finitio n 

is  tha t the  e s tim a to r we  build  o nly has  to  de te r­

m ine  an unkno wn c o ns ta nt, whic h m ake s  the  e s ti­

m atio n ta s k s ign ific a ntly s im ple r.

A fina l c o ns e q ue nc e  is  tha t, unde r the  null hypo th ­

e s is  tha t all o f the  de pth s o und ings  in the  are a  are  

unb ias e d  (i.e ., on ave rage , re p o rt the  true  de pth), 

the n it d o e s  no t m a tte r in what o rd e r we  pro c e s s  

the  data . Tha t is , we  can ta ke  it all at o nc e  o r o ne  

po int at a tim e , and in any o rde r. We  can, in par­

tic ular, s e q ue nc e  the  data  by the  o rd e r in whic h it 

is  re c o rd e d . Each no de  thus  re c e ive s  a s e q ue nc e  

o f data  po ints  re p re s e nting  the  s o und ings  in its  

im m e d ia te  vic inity. The  e s tim a to r the n has  to  de te r­

m ine  the  b e s t e s tim a te  o f true  de pth fro m  this  

s e q ue nc e , and we  m ay tre a t the  pro b le m  fro m  the  

pe rs p e c tive  o f tim e -s e rie s  e s tim a tio n.

P r e d i c t e d  V e r t i c a l  E r r o r
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Fig u re  1 :  Ty p ic a l e rro r  p e rf o rm a n c e  o f  a n  M B E S  s y s t e m  in  s h a llo w  w a te r. Th e s e  g ra p h s  s h o w  p e rf o rm a n c e  f o r  a  

t y p ic a l M B E S  o n  a  s m a ll s u rv e y  la u n c h  u s in g  d if f e re n t ia l G P S  f o r  b a s ic  p o s it io n in g  a n d  a  h ig h -a c c u ra c y  a t t itu d e  

s e n s o r.  Ta rg e t  d e p th  is  2 5  m e t re



Erro r M o d e ls , Info rm a tio n Pro p a g a tio n  and Op ti­

mal Es tim a tio n

CUBE'S  e s tim a to r s ta rts  with a q ua ntita tive  e s ti­

mate  o f the  e rro rs  a s s o c ia te d  with e ac h s o unding. 

For e ac h data  po int, we  d e te rm ine  the  pre d ic te d  

ho rizo nta l and ve rtic a l e rro r us ing the  m o de l o f 

Hare  e t a l. [1 9 9 5 ], whic h utilis e s  a pro pagatio n o f 

varianc e  a rgum e nt to  c o nve rt e rro rs  in the  MBES 

its e lf and tho s e  o f its  a uxilia ry s e ns o rs  (GPS, IMU) 

into  a pre dic te d  e rro r fo r e ac h s o und ing. The  m o de l 

is  d e ta ile d , re q uiring m any p ro p e rtie s  o f the  s ys ­

te m s  in use  to  be  kno wn (e .g ., s a m p le  rate , ac c u ­

ra c y o f a ttitude  m e a s ure m e nt and patc h te s t, e tc .) 

The  c o nfigura tio n is  a ls o  s p e c ific  to  the  s u rve y p la t­

fo rm  in us e  s inc e  it de pe nd s  on the  o ffs e ts  

be twe e n the  vario us  ins trum e nts ; o nc e  c o nfigure d , 

ho we ve r, the  c o m puta tio n is  s tra ightfo rwa rd . A typ ­

ical e rro r m o de l re s p o ns e  is  sho wn in Figure  1 , 

a ltho ugh this  will o f c o urs e  c hange  with MBES in 

use  am o ng m any o the r fa c to rs , and s ho uld  o nly be 

take n as  illus tra tive .

The  e rro r m o de l p ro vide s  the  b a s ic  e rro r m e a s ure ­

m e nts  re q uire d , and is  the  he a rt o f the  re s t o f the  

s ys te m , but it o nly pro vide s  info rm a tio n a b o ut the  

e rro rs  at the  no m inal lo c a tio n o f the  s o und ing, and 

c o nta ins  bo th ho rizo nta l and ve rtic a l c o m p o ne nts . 

S inc e  we  are  us ing  a s e t o f fixe d  no de s  tha t have  

no  ho rizo nta l e rro rs , we  m us t pro pa ga te  the  info r­

m atio n im p lic it in the  s o und ings  to  e ac h e s tim a tio n

no de  lo c a tio n, and c o m b ine  the  ve rtic a l and ho ri­

zo nta l e rro rs . Our p ro p a ga tio n o f info rm a tio n 

m e tho d is  b as e d  on a lo c al b a thym e tric  m o de l tha t 

a s s um e s  tha t the  lo c al s urfa c e  c o ns is ts  o f at 

wo rs t a c o ns ta nt s lo p e ; as lo ng as  we  o nly use  

s o und ings  tha t are  s u ffic ie ntly c lo s e  to  the  e s tim a ­

tio n no de , this  is  a re a s o na b le  a s s um p tio n (Figure

2 ). To  e ns ure  tha t we  do  no t use  s o und ings  inap ­

p ro pria te ly, we  a ls o  inc re a s e  the  unc e rta inty a s s o ­

c ia te d  with a pro pagate d  s o und ing as  a func tio n o f 

d is ta nc e  thro ugh whic h the  s o und ing has  be e n 

pro pagate d . This  is  im ple m e nte d  by s c a ling  the  

ve rtic a l unc e rta inty a s s o c ia te d  with the  s o und ing 

by a fa c to r tha t inc re a s e s  q ua d ra tic a lly with d is ­

ta nc e  (Figure  3 a). To  inc o rpo ra te  the  ho rizo nta l 

unc e rta inty, we  a s s um e  tha t the  s o und ing  c o uld  be 

up to  a fixe d  fra c tio n o f the  ho rizo nta l unc e rta inty 

a s s o c ia te d  with the  s o und ing furthe r away fro m  the  

e s tim a tio n no de  than the  no m inal lo c a tio n (Figure  

3 b ). Augm e nting  the  d is ta nc e  by th is  fra c tio n fa c ­

to rs  in ho rizo nta l unc e rta inty in a re a s o na b le  m an­

ne r: the  highe r the  unc e rta inty, the  la rge r the  d is ­

ta nc e  s c a le  fa c to r and he nc e  the  highe r the  

re po rte d  unc e rta inty at the  no de . Inde e d , the  s c a l­

ing p ro c e s s  p ro vide s  m any d e s ira b le  fe a ture s : 

s o und ings  with highe r initia l ve rtic a l unc e rta inty 

are  give n lo we r we ight; s o und ings  fa rthe r away are  

give n lo we r we ight; s o und ings  with highe r ho rizo n ­

ta l unc e rta inty c a us e  the  unc e rta inty to  s c a le

Es tim a tio n

No d e

Lo c a tio n

Fig u re  2 :  P ro p a g a t io n  o f  in f o rm a t io n .  E s t im a t io n  a t  a  p o in t  im p lie s  t h a t  w e  n e e d  to  k n o w  th e  d e p th  th e re ;  s o u n d in g s ,  

h o w e v e r,  o c c u r e s s e n t ia lly  a t  ra n d o m .  H e n c e ,  w e  m u s t  p ro p a g a t e  th e  in f o rm a t io n  to  th e  lo c a t io n  o f  th e  e s t im a t io n  

n o d e s ,  t a k in g  c a re  to  m o d e l a n  in c re a s e  in  u n c e rt a in t y  a s s o c ia t e d  w ith  th e  f a c t  t h a t  w e  a re  u s in g  th e  s o u n d in g  a t  

s o m e  d is t a n c e  fro m  th e  n o m in a l lo c a t io n
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Fig u re  3 :  U n c e rt a in t y  in  p ro p a g a t io n .  Th e  u n c e r t a in t y  a s s o c ia t e d  w ith  a  s o u n d in g  m u s t  in c re a s e  th e  f u rt h e r  w e  m o v e  

fro m  th e  n o m in a l re s o lv e d  lo c a t io n ;  in  th is  c a s e ,  it  is  m o d e lle d  a s  a  q u a d ra t ic  f u n c t io n  o f  d is t a n c e .  H o riz o n t a l 

u n c e rt a in t y  is  t a k e n  in t o  a c c o u n t  b y  a s s u m in g  t h a t  th e  s o u n d in g  m a y  b e  u p  to  th e  m a x im u m  lik e ly  d is t a n c e  a w a y, 

ra t h e r th a n  a t  th e  n o m in a l d is t a n c e .  Th e  d if f e re n c e  is  a  lin e a r f u n c t io n  o f  th e  e s t im a t e d  h o riz o n t a l u n c e rt a in t y

fa s te r, and he nc e  have  lo we r we ight.

Afte r the  s o und ings  are  pro pagate d  to  all no de s  in 

the ir vic inity, e ac h no de  has  to  d e te rm ine  ho w to  

a s s im ila te  the m  with the  c urre nt s ta te  o f kno wl­

e dge  ab o ut the  de pth in its  lo c a tio n. The  firs t s ta ge  

is  to  run the  s o und ings  thro ugh a m e dian o rde re d  

que ue  tha t im ple m e nts  a pe rm uta tio n o f the  no r­

mal input s e q ue nc e  to  e ns ure  tha t a no m a lo us ly 

de e p o r s ha llo w s o und ings  are  de la ye d  b e fo re  the y 

go  to  the  e s tim a to r pro pe r (Figure  4 ). S inc e  the

o rigina l s e q ue nc ing  o f the  s o und ings  is  a rb itrary, 

th is  re o rde ring d o e s  no t c hange  any s ignific a nt 

a s p e c t o f the  re m a inde r o f the  e s tim a tio n, but it 

d o e s  s ignific a ntly im pro ve  ro b us tne s s  by pro te c ting 

the  e s tim a to r until it ‘ le a rns ’ a b o ut the  true  de pth. 

The  fina l s ta ge  is  the  e s tim a to r pro pe r. CUBE utilis ­

e s  an o ptim a l Ba ye s ian e s tim a to r d e s c rib e d  by a 

Dynam ic  Line ar Mo de l (DLM, [We s t & Ha rris o n, 

1 9 9 7 ]). This  e s tim a to r is  c a us a l and re c urs ive , s o  

tha t it can s ta rt m aking pre d ic tio ns  as  s o o n as the

1 2 3 4 5 6 7 8 9  10 11

-4— Input 

m— Output

Fig u re  4 ;  P e rm u t a t io n  o f  in p u t  s o u n d in g s .  S in c e  th e  o rd e rin g  o f  d a ta  is  n o t  im p o rt a n t  in  C U B E ,  w e  c a n  re s e q u e n c e  

th e  in p u ts  b e f o re  t h e y  re a c h  th e  B a y e s ia n  e s t im a t o r  in  o rd e r to  d e la y  w h a t  a p p e a r to  b e  o u t lie r  p o in t s .  Th is  is  

im p le m e n t e d  u s in g  a  m o v in g  m e d ia n  w in d o w , w h ic h  d e la y s  a n y  s o u n d in g s  t h a t  a re  s h o a le r  o r  d e e p e r  th a n  th e  r e s t  o f  

th e  d a ta  in  th e  w in d o w
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Fig u re  5 :  U p d a te  p ro c e d u re  a t  a  n o d e  w ith  a  s in g le  d e p th  h y p o t h e s is .  Th e  c u rre n t  e s t im a t e  is  u p d a t e d  w ith  th e  

in f o rm a t io n  im p lic it  in  th e  n e w  s o u n d in g .  S in c e  th e  n e w  s o u n d in g  is  b e lie v e d  to  b e  le s s  a c c u ra t e  th a n  th e  c u rre n t  

e s t im a t e  ( i. e . ,  h a s  h ig h e r v a ria n c e ) ,  th e  u p d a te d  e s t im a t e  is  m o s t ly  d e t e rm in e d  b y  th e  c u rre n t  e s t im a t e

data s ta rts  to  a rrive , and o nly re q uire s  the  c urre nt 

data e s tim a te  to  a s s im ila te  the  ne xt data  po int. 

This  is  the  b a s is  o f the  re al tim e  im ple m e ntatio n o f 

CUBE, and e ns ure s  tha t we  do  no t ne e d to  'b a c k­

tra c k’ into  the  data as  e ac h ne w po int a rrive s . Each 

s o und ing tha t m ake s  it into  the  e s tim a to r is 

we ighe d  ac c o rd ing to  its  pro pagate d , c o m bine d  

unc e rta inty a ga ins t the  c urre nt s ta te  o f kno wle dge  

o f the  de pth at the  no de , re pre s e nte d  by a de pth 

e s tim a te  and m e as ure  o f a po s te rio ri varianc e . The  

we ighting fa c to r use d b a la nc e s  the  varia nc e s  o f 

the  m e as ure m e nt and c urre nt e s tim a te  s o  tha t if 

the  e s tim a te  is  much m o re  ac c urate  than the  

m e as ure m e nt, it is  o nly inc re m e nta lly a ffe c te d ; if 

the  m e as ure m e nt is  ve ry ac c urate , it will have  a 

ve ry s ignific a nt e ffe c t (Figure  5 ). Afte r the  c urre nt 

s ta te  is  update d , the  s o und ing  is  no  lo nge r 

re quire d (all o f the  info rm atio n im plic it in it has  

be e n use d) and he nc e  it m ay be  d is c a rd e d ; in 

im ple m e ntatio n, it is re ta ine d  in a b ac king data ­

base  fo r furthe r a na lys is .

Mo de l M o nito ring  and Inte rve ntio n

In CUBE, we  have  e xplic itly s e t up the  mo de l to  

e xpe c t a c o ns tant de pth. In prac tic e , we  o b s e rve  

that many s o undings  are  no t c o ns is te nt with this  

hypo the s is : o utlie r po ints  vio la te  this  assum ptio n by 

im plying multiple  a lte rnative  de pths  in the  sam e  

lo c atio n. Untre ate d, the s e  po ints  wo uld c o rrupt the  

true  de pth e s tim ate , pro vo king m o de lling fa ilure . We  

use  the  e rro r e s tim a te s  o f the  s o undings  to  provide  

a c a lib ratio n po int fo r mo de l m o nito ring; that is ,

unde r the  null hypo the s is  tha t the  data is  c o ns is te nt 

with the  m o de l, the  s o unding and the  c urre nt e s ti­

m ate  sho uld  agre e  to  within the  s o und ing 's  pre dic t­

e d e rro r. If the y do  no t (to  a s ta tis tic a lly s ignific ant 

de gre e ), the n we  may c o nc lude  tha t the re  is  s uffi­

c ie nt e vide nc e  to  m is trus t the  s o unding (Figure  6 ). 

To  make  this  s ys te m  mo re  use ful, we  m ust a lso  

o b s e rve  lo ng-te rm  drifts  (i.e ., whe re  the  data and 

mo de l drift a pa rt s lo wly), and se que ntia l fa ilure , 

whe re  the  mo de l is judge d  as  be ing m argina lly inad ­

e quate  fo r a s ignific ant num be r o f s am ple s . All o f 

the s e  may be  im ple m e nte d us ing the  se que ntia l 

Baye s  fa c to r m o nito ring o f We s t & Harriso n [1 9 9 7 ]. 

Afte r fa ilure  is  ind ic a te d , o ur inte rve ntio n s c he m e  

is  to  a s s um e  tha t the  inc o ns is te nt s o und ing is 

ano the r po te ntia l de pth e s tim a te , and to  initia lis e  

ano the r DLM to  re pre s e nt it. All m o de ls  are  main ­

ta ine d  s im ulta ne o us ly and are  tre a te d  e q ua lly until 

we  are  re quire d  to  m ake  a c ho ic e  as  to  whic h one  

we  b e lie ve  to  be  the  true  de pth. Mainta ining a 

m o no to nic a lly inc re a s ing lis t o f m o de ls  g ive s  us 

s o m e  the o re tic a l d iffic ulty, s inc e  we  have  to  d e te r­

m ine  a ga ins t whic h mo de l to  c o m pare  the  inc o m ing 

s o unding. We  re s o lve  this  by c ho o s ing  the  mo de l 

tha t is  c lo s e s t to  the  s o und ing in a le a s t we ighte d  

e rro r s e ns e , with we ighting  func tio n d e te rm ine d  by 

the  pre d ic te d  e rro r tha t wo uld  re s ult we re  the  

s o und ing to  be  a s s im ila te d . He nc e , if the  mo de l 

m o nito r ind ic a te s  an o utlie r, we  m ay s a fe ly build  a 

ne w mo de l tra c k, s inc e  the  s o und ing was  c o m ­

pare d to  the  b e s t ava ila b le  m o de l and fo und want­

ing (Figure  7 ).
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Fig u re  6 :  M o d e l m o n it o rin g  s c h e m e .  C U B E  p re d ic t s  t h a t  th e  n e x t  d e p th  w ill b e  th e  s a m e  a s  th e  c u rre n t  e s t im a t e ,  

a n d  th e n  u s e s  th is  a s  th e  n u ll h y p o t h e s is  to  t e s t  th e  in c o m in g  d a ta  ( a g a in s t  a  s im p le  a lt e rn a t iv e  o f  a  s t e p  c h a n g e  in  

d e p th ) .  If  th e  n u ll h y p o t h e s is  c a n n o t  b e  re je c t e d ,  th e  B a y e s ia n  d a ta  a s s im ila t io n  t a k e s  p la c e .  O t h e rw is e  a  n e w  d e p th  

t a c k  is  s t a r t e d

Hypothesis Resolution

Allo wing  m ultiple  hypo the s e s  pro vide s  ro b us tne s s , 

but a ls o  am b iguity ab o ut whic h de pth s ho uld  be  

re po rte d . CUBE im ple m e nts  a c o nfigurab le  d is a m ­

b iguatio n e ngine  to  c ho o s e  a ‘ b e s t’ hyp o the s is  on 

de m and, us ing pre de fine d m e tric s  on wha t c o ns ti­

tute s  ‘ b e s t’ re c o ns truc tio n.

The  s im p le s t m e tho d c ho o s e s  the  hyp o the s is  tha t 

has a s s im ila te d  the  m o s t data  po ints  (i.e ., whic h is  

b e s t s uppo rte d  by the  data ). This  wo rks  in m o s t 

c a s e s , a ltho ugh s inc e  it invo lve s  no  c o nte xt o the r 

than the  data  po ints , it can fa il unde r s ignific a nt 

no is e  c o nte nt (e .g ., if the re  are  a b urs t o f e rro rs ). 

Our s e c o nd  m e tho d  find s  ne ighb o uring no d e s  

whe re  the re  is  o nly o ne  hyp o the s is , and us e s  th is

c e rta in  re c o ns truc tio n as  a guide  as  to  the  pro ba ­

ble  true  de pth. The n, the  hyp o the s is  c lo s e s t in 

de pth to  the  guide  no de  de pth is  use d fo r re c o n ­

s truc tio n. The  fina l m e tho d c o ns truc ts  c o nte xt 

us ing ano the r, p o te ntia lly lo we r re s o lutio n, s ur­

fa c e , c o ns truc te d  e ithe r fro m  a pre vio us  s urve y o r 

fro m  the  c urre nt o ne . S inc e  th is  s urfa c e  is  o nly 

use d  as  a guide  to  what the  de pth is , it d o e s  no t 

have  to  be  hyd ro gra phic a lly c o rre c t and we  can 

take  m o re  lib e rtie s  with its  c o m p ila tio n. For e xam ­

ple , we  can us e  a s im ple  m e dian bin a t lo w re s o ­

lutio n, o r inte rpo la te  be twe e n s m o o th-s he e t s o und ­

ings  fro m  the  pre vio us  s urve y, o r e ve n fro m  the  

c ha rt if no  o the r info rm atio n is  a va ilab le . As  lo ng 

as  the  s urfa c e  is  in a p p ro xim a te ly the  c o rre c t lo c a-
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Fig u re  7 : M o d e l s e le c t io n  f o r  m o n it o rin g  a n d  t e s t  a s s im ila t io n .  U s e  o f  a  m in im u m  p re d ic t e d  e rro r  d is t a n c e  e n s u re s  

th a t  th e  'b e s t ' m o d e l is  c h o s e n ,  a n d  h e n c e  t h a t  if  th e  d a ta  is  f o u n d  to  b e  in c o n s is t e n t  ( s e e  Fig u re  6 ) ,  t h e n  w e  c a n  

s t a r t  a n o t h e r d e p th  t ra c k  s in c e  n o  o t h e r  m o d e l w o u ld  c h o o s e  to  a s s im ila t e  th e  d a ta  e it h e r



Fig u re  8 :  F irs t -p a s s  f lo w  d ia g ra m  f o r  C U B E  p ro c e s s in g .  W e  in t e rf a c e  t o  H D C S  d a ta  s o  t h a t  a ll n o rm a l C A R IS / H IP S  

t o o ls  a re  s t ill a v a ila b le ,  a lth o u g h  f o r  f le x ib ilit y ,  w e  u s e  a  s e p a ra t e  v is u a lis a t io n  s u it e  to  d is p la y  th e  d a ta ,  a n d  d o  th e  

re m e d ia t io n  in  s p a t ia l m o d e  o f  H IP S  5 .2

tio n , it s ho uld  he lp  CUBE, on the  ave rage , wo rk o ut 

whic h hyp o the s is  is  the  c o rre c t o ne . Many o the r 

po te ntia l s o lutio ns  e xis t, and are  c urre ntly b e ing 

re s e a rc he d .

Outp ut Pro d uc ts

In add itio n to  the  de pth, CUBE is  c apab le  o f pro ­

vid ing add itio na l m e tric s , in p a rtic ula r the  unc e r­

ta inty a s s o c ia te d  with the  de pth e s tim a te , the  

num be r o f hyp o the s e s  ava ila b le  a t the  no de , and a 

m e as ure  o f ho w c e rta in  the  a lgo rithm  is  a b o ut the  

c ho ic e  o f hyp o the s is  tha t wa s  m ade . Each o f the s e  

is  a s c a la r q uantity, and he nc e  m ay be  re pre s e nte d  

a s  a s urfa c e , o r m o re  us e fully as  a uxilia ry info r­

m atio n on to p  o f a no the r s urfa c e  (Figure s  1 4 -1 6 ).

Co m b ina tio ns  o f the s e  with the  de pth s urfa c e  

a llo w the  us e r to  s e e  p ro b le m s  in c o nte xt, and 

he nc e  m ake  d e c is io ns  m o re  re liab ly.

The  o utputs  o f CUBE’S p ro c e s s ing  are  the re fo re  a 

s e t o f data  ve c to rs  pe r no de . It is  natura l to  re pre ­

s e nt the s e  as  s e p a ra te  s u rfa c e s , but it is  im po r­

ta nt to  no te  tha t CUBE’S e s tim a te s  are  s tric tly o nly 

e s tim a te s  a t a p o int, and  a ny in te rp o la tio n  

be twe e n tho s e  po ints  m us t be  c o ns id e re d  s e p a ­

rate ly.

Re m e d ia tio n  and Ite ra tio n

It is  unre a lis tic  to  e xpe c t tha t any a lgo rithm  will 

m ake  the  c o rre c t d e c is io n unde r all c o nd itio ns . 

The re fo re , it is  im pe ra tive  tha t the re  is  an o pe ra to r

Fig u re  9 :  S e c o n d -p a s s  f lo w  d ia g ra m  f o r C U B E  p ro c e s s in g .  Th is  is  e s s e n t ia lly  th e  s a m e  a s  th e  f irs t  p a s s ,  e x c e p t  th a t  w e  

m o v e  d ire c t ly  to  p ro d u c t s  fro m  th e  M a p S h e e t  ( S H T)  d a t a b a s e  th ro u g h  a u to m a t ic  m e th o d s ,  ra th e r th a n  th ro u g h  s o m e  

in t e rm e d ia t e  c a rto g ra p h ic  e x tra c t io n .  A  m o re  d e ta ile d  d e s c rip t io n  o f  t h is  p ro c e s s  is  o u t lin e d  in  S m ith  e t  a l.  [ 2 0 0 2 ]
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Fig u re  1 0 :  W o o d s  H o le ,  M A  ( H 1 1 0 7 7 ) ,  c o n d u c t e d  b y  th e  N O A A  S h ip  W H ITIN G ,  2 0 0 1  [ B a rn u m  e t  a l. ,  2 0 0 1 ] .  B o th  

c h a r t  a n d  d a t a  a re  re p ro je c t e d  to  U TM  Z o n e  1 9 N ,  W G S -8 4  e llip s o id .  D e p th  ra n g e  is  ( 2 , 3 0 )  m , a n d  c o v e ra g e  is  

a p p ro x im a t e ly  1 . 7  k m 2

to  c he c k the  d e c is io n s  whic h have  be e n m ade , and 

to  re c tify the  pro b le m s  e vid e nt in a ny are a  whe re  

CUBE e ithe r m ade  no  d e c is io n , ind ic a te s  tha t the  

d e c is io n was  in do ub t, o r m ade  wha t the  e xp e rt 

hyd ro gra phe r b e lie ve s  to  be  the  wro ng d e c is io n , 

irre s p e c tive  o f the  s ta tis tic a l d is trib utio n o f data  

and no is e . Our initia l im ple m e nta tio n us e s  the  tra ­

d itio na l d a ta -fla gging  paradigm  to  a s s is t CUBE in 

m aking d e c is io ns  whe re  the  d e ns ity o f no is e  is 

suc h tha t the  c o rre c t de pth e s tim a te  is  no t e vid e nt 

to  the  a lgo rithm . It is  a ls o  p o te ntia lly p o s s ib le  to  

wo rk at the  le ve l o f CUBE’ S hyp o the s e s , o r in a lay­

e re d  appro ac h (e .g ., e d it hyp o the s e s , and the n 

data  o nly if the  pro b le m  is  no t re s o lve d ).

Afte r re m e d ia tio ns  are  m ade , an ite ra tio n o f CUBE 

is re quire d  to  inte gra te  the  m o d ific a tio ns  with the  

re s t o f the  data . CUBE is , in th is  s e ns e , a o ne -way

tra p d o o r: o nc e  the  s o und ings  have  be e n a s s im ila t­

e d into  the  e s tim a te s , the re  is  no  wa y to  b ac k the m  

o ut e xc e p t to  s ta rt aga in. Ho we ve r, the  s p e e d  o f 

the  a lgo rithm  is  s uc h tha t th is  is  no t a s ignific a nt 

c o nc e rn. In p ra c tic e , s inc e  the  p ro c e s s ing  is  m ain ­

ly lo c a l, we  ne e d no t re -run the  a lgo rithm  e ve ry­

whe re  -  ju s t in re gio ns  whe re  m o d ific a tio ns  have  

be e n m ade . This  s ign ific a ntly re d uc e s  the  c o m pu ­

ta tio na l b urd e n, p a rtic u la rly whe n the  num b e r o f 

m o d ific a tio ns  is  e xpe c te d  to  be  s m a ll.

Im p le m e nta tio n

We  have  a vo ide d , whe ne ve r p o s s ib le , re de ve lo p ing 

to o ls  th a t a re  a va ila b le  in COTS s o ftwa re , pre fe r­

ring to  inte rfa c e  to  ava ila b le  a p p lic a tio ns  fo r data  

re fo rm a tting, d is p la y and m a nipula tio n. The  e s s e n ­

tia l s up p o rt re q uire m e nts  fo r a ho s t s ys te m  are



tha t it s ho uld  have  an API fo r data re trie va l, pre fe r­

ab ly a s p a tia lly base d o ne  (i.e ., tha t c an pro vide  all 

data within a give n radius  o f a p a rtic ula r po int). It 

s ho uld  a ls o  c o nta in a m anipula tio n s ys te m  fo r data 

s o  tha t re m e d ia tio ns  can be  do ne , and a s uita b le  

d is p la y s ys te m  tha t is  c apa b le  o f d is p la ying  m ulti­

ple  s urfa c e s  s im ulta ne o us ly. No o ne  s ys te m  c ur­

re ntly ava ilab le  has  all o f the s e , s o  we  have  b uilt a 

hybrid s ys te m  us ing CARIS / HIPS  fo r data  c o nve r­

s io n, m anipula tio n and d isp la y, Ge o Zui3 D fo r fa s t 

turn-a ro und d is p la y o f m ultip le  s urfa c e s  with o ve r­

laid c o lo ur-c o de d  data , and Fle de rm aus / PFM fo r 

ad va nc e d  vis u a lis a tio n , s p a tia lly-in d e xe d  data  

re trie val and a re a -b as e d  e d iting. A c o m b ina tio n o f 

bash s he ll s c rip ts , pe ri and the  GMT pac kage  are  

a ls o  use d in d e ve lo pm e nt and im ple m e nta tio n o f 

the  vario us  s ta ge s  o f the  a lgo rithm  and pro duc t 

pre paratio n.

The  CUBE pro c e s s  o c c urs  in two  p a s s e s  whe n use d 

in po s t-pro c e ss ing mo de  (i.e ., whe n all data is  avail­

ab le ). The  firs t pas s  (Figure  8 ) ge ne ra te s  pre lim inary 

s urfa c e s  fo r the  us e r to  e xam ine ; the  se c o nd pass  

(Figure  9 ) take s  any us e r m o dific atio ns  and ge ne r­

ate s  final pro duc t s urfa c e s . We  re ad d ire c tly fro m  

HDCS data us ing the  HIPS/ IO inte rfac e  librarie s , 

and s to re  CUBE’S re sults  in a s p e c ia lis t data s truc ­

ture  ca lle d  a MapShe e t (SHT). This  inte rm e diate  

s to re  pro vide s  e xtra fle xib ility, and a llo ws  us to  

maintain s ta te  be twe e n data availability.

From the  Ma pShe e t, we  c an ge ne ra te  bo th HIPS 

We ighte d  Grids  (HWGs ) and Ge o Zui3 D GUTMs . The  

HWGs  are  ins e rte d  bac k into  a HIPS Fie lds he e t, so  

tha t the y can be  se e n in c o njunc tio n with the  raw 

data ; we  typ ic a lly a tte m pt to  d is p la y the  HWGs  and 

data on o ne  s c re e n o f a d ua l-m o nito r s ys te m , and 

the  GUTMs  on the  o the r. We  have  fo und tha t it is 

s ignific a ntly e a s ie r to  m anipula te  data if bo th re p ­

re s e nta tio ns  o f the  data  are  ava ilab le  s im ulta ne ­

o us ly, s inc e  it is  d iffic u lt to  ‘ fu s e ’ the  info rm atio n 

m e nta lly in m any c a s e s , and c um b e rs o m e  to  tra ns ­

fe r by hand the  info rm a tio n fro m  the  3 D vis ua lis a ­

tio n, whe re  p ro b le m s  are  o b vio us , to  the  m anipu ­

la tio n s ys te m  whe re  the y can be  re c tifie d . It is  o ur 

e xpe rie nc e  tha t ge tting  the  im ple m e ntatio n o f this  

c o up ling  c o rre c t can s ignific a ntly a ffe c t the  e a s e - 

o f-us e  o f a s ys te m  and he nc e  the  po te ntia l b e ne fits  

tha t c an be  ac hie ve d .

In re a l-tim e  m o de , it is  no t s u ffic ie nt to  have  this  

‘o nc e -thro ugh ’ m o de l o f p ro c e s s ing, s inc e  we  want 

to  be  ab le  to  wo rk data  inc re m e nta lly as  it is  be ing 

ga the re d , typ ic a lly on a d a ily c yc le . We  c urre ntly 

re s o lve  th is  by m a inta ining two  M a pShe e t s truc -

Fig u re  1 1 :  R e c o n s t ru c t e d  b a t h y m e t ry  in  s o u t h w e s t  c o rn e r o f  W o o d s  H o le  d a ta , lo o k in g  w e s t .  Th e  m a in  s a n d  rip p le s  

h a v e  a m p lit u d e  a p p ro x .  0 .5 m ,  a n d  w a v e le n g th  a p p ro x .  1 0 m , a lt h o u g h  t h e y  a re  o v e rla id  w ith  s a n d  rip p le s  o f  s m a lle r  

w a v e le n g th  a n d  a m p litu d e . Th e  ro u g h e r t e x tu re  to  th e  rig h t is  th o u g h t  to  b e  a  d u m p in g  a re a  o v e rla id  o n  th e  s a n d  rip p le s



Fig u re  1 2 :  M a n -m a d e  o b je c t s .  Th o u g h t  to  b e  th e  re m a in s  o f  a  f lo a t in g  d o c k  a n d  a  f lo a t p la n e ,  t h e s e  o b je c t s  o c c u r in  

th e  n o rt h w e s t  c o rn e r  o f  t h e  s u rv e y ,  ju s t  w e s t  o f  t h e  W H O I d o c k .  Th e  m a n y  s m a ll f e a t u re s  o n  th e  a re a  a ro u n d  th e  

d o c k  a re  p ro b a b ly  m o o rin g  b lo c k s  o r  ro c k s

Fig u re  1 3 :  E x a m p le  o f  t ra c k -lin e  o rie n t e d  a rt if a c t s  t h a t  a re  o n ly  o b v io u s  a t  h ig h  re s o lu t io n ,  b u t  w h ic h  a re  

s y m p t o m a t ic  o f  a  p ro b le m  w ith  th e  d a ta  a c q u is it io n  s y s t e m .  Fe e d b a c k  lik e  t h is  fro m  C U B E 'S  o u t p u t s  a s  th e  s u rv e y  

p ro g re s s e s  c o u ld  h e lp  w ith  th e  e a rly  d e t e c t io n  a n d  re m e d ia t io n  o f  s u c h  p ro b le m s  in  th e  f ie ld ,  w h e re  th e  c o s t  o f  

c o rre c t io n  is  s ig n if ic a n t ly  le s s



Fig u re  1 4 :  N u m b e r o f  h y p o t h e s e s  a t  e a c h  e s t im a t io n  n o d e  c o lo u r-c o d e d  o v e r  th e  re c o n s t ru c t e d  b a t h y m e t ry ;  h o t  

c o lo u rs  in d ic a t e  t h a t  s e v e ra l s e lf -c o n s is t e n t  h y p o t h e s e s  w e re  fo rm e d .  Fro m  th e  p a t t e rn  o f  h y p o t h e s is  c lu s t e rs ,  it  is  

im m e d ia t e ly  o b v io u s  t h a t  t h e s e  w e re  c a u s e d  b y  p ilin g s  f o r  th e  a s s o c ia t e d  d o c k  s t ru c t u re .  Th is  is  n o t  o b v io u s  fro m  

th e  b a t h y m e t ry  a lo n e

ture s , o ne  fo r ‘ d a ily’ us e  and o ne  fo r ‘c um ula tive ’ 

use . At the  s ta rt o f e ac h day, the  c um ula tive  Map- 

S he e ts  are  use d  to  initia lis e  the  d a ily s e t, and the  

c urre nt d a y’s  data  is  the n a s s im ila te d . Onc e  any 

c ha nge s  to  the  data  have  be e n m ade  b as e d  on the  

inte rm e dia te  re s ults , the  s e c o nd  pa s s  o f CUBE is 

use d to  a s s im ila te  the  d a y’ s  data  into  the  c um ula ­

tive  Ma pShe e ts . In th is  way, the  c um ula tive  Map- 

She e ts  s ho uld  a lways  re p re s e nt the  ‘ b e s t ava il­

a b le ’ info rm atio n on the  s urve y. Wo rking in this  

inc re m e nta l m o de  s a ve s  c o ns id e ra b le  tim e  in pro ­

c e s s ing , a ltho ugh the  c um ula tive  Ma pShe e ts  can 

a lways  be  re -c o ns truc te d  at any tim e  s im p ly by re ­

running the  data  fro m  the  s ta rt.

Exa m p le : Wo o d s  Ho le

During the  2 0 0 1  fie ld  s e as o n, the  NOAA Ship WHIT­

ING c o nduc te d  hyd ro gra phic  s urve y o p e ra tio ns  

aro und Ca p e  Co d , inc lud ing Wo o d s  Ho le , MA 

(4 1 ° 3 1 'N 7 0 ° 4 0 'W, re gis try num be r H1 1 0 7 7 ), fro m  

Gre at Harbo r to  Vine yard So und, Figure  1 0 . Ove r 

appro xim ate ly five  s urve y days , the  WHITING’ S m ulti­

be am s urve y launch c o ve re d appro xim ate ly 1 .7 km 2 

in de pths  fro m  2 m to  3 0 m with full c o ve rage  fro m  a 

Re son 8 1 0 1  MBES. In to ta l, 3 7 .9 xlOfi s o undings

we re  gathe re d  and arc hive d. A POS/ M V 3 2 0  was  

use d fo r attitude  m e as ure m e nt and po s itio ning was  

de rive d fro m  a Trim ble  DSM2 1 2  d iffe re ntia l GPS 

re c e ive r (c o rre c tio ns : Chatham , MA). All o f the  data 

was  arc hive d in XTF fo rm a t and the n c o nve rte d  into  

CARIS / HIPS  fo r pro c e s s ing. Co rre c tio ns  fo r s ta tic  

and dynam ic  o ffs e ts , re frac tio n and tid e s  we re  

made , and the  re s ultant HDCS data was  pro vide d as 

the  s ta rting  po int fo r CUBE’S pro c e s s ing. The  data 

a rc hive  c o nta ine d  e d it fla g s , b ut th e s e  we re  

re m o ve d fro m  the  te s t s e t be fo re  s ta rting  auto m atic  

pro c e s s ing. We  use d a de pth gate  o f (2 ,3 0 )m  to  

avo id gro s s  o utlie rs , altho ugh we  a llo we d all be am s  

to  be  use d rathe r than applying the  s tandard angle  

gate  o f ±60°  pe r the  Data Ac q uis itio n and Pro c e s s ­

ing Re po rt (DAPR) fo r the  s urve y [Barnum e t al.,

2 0 0 1 ]. This  pro vide d mo re  c o ve rage  in ve ry s ha llo w 

are as  he nc e  a llo wing fo r a m o re  s tab le  re c o ns truc ­

tio n, a ltho ugh we  did e nc o unte r m o re  m ultiple  

hypo the s is  a re as  be c aus e  o f this  de c is io n, and 

he nc e  have  take n m o re  tim e  to  wo rk the  data than 

we  o the rwis e  might.

We  b o o ts trappe d  ana lys is  o f the  data by c o ns truc t­

ing a 5 m me dian bin us ing all o f the  data. This  is 

inade quate  fo r hydro graphy, but pro vide s  a suitab le



re fe re nc e  fo r s lo pe  c o rre c tio ns  and dynam ic  de pth 

range s . We  utilise d  a b lunde r filte r to  re mo ve  any 

s o undings  m o re  than 2 5  pe r c e nt de e pe r than the  

me dian e s tim ate d  de pth (with a minimum  de pth dif­

fe re nc e  o f lm ),  and the n pro c e sse d  all o f the  data 

at 0 .5 m  re so lutio n in o rde r to  e nsure  tha t small 

sho a ls  we re  re liab ly e s tim ate d, and to  pro vide  the  

highe st po s s ib le  re so lutio n s urfa c e  fo r the  are a. The  

re sultant s urfa c e  was  inspe c te d and re m e diatio ns  

made  by fla gging the  o riginal s o undings . The  CUBE 

algo rithm  was  the n ite rate d to  c o m ple te  the  pro ­

c e s s ing. The  no n-inte rac tive  pro c e s s ing to o k appro x­

im ate ly 6 0  min. pe r pass  on c o m m o dity PC hard ­

ware ; the  inte rac tive  tim e  was  appro xim ate ly 2 4 0  

min., altho ugh much o f tha t tim e  was  s pe nt inve s ti­

gating the  many sm all lum ps in the  harbo ur are a 

rathe r than ac tua lly e d iting data. It is im po rtant to  

no te  that the  ro b us tne s s  o f CUBE'S  e s tim atio n a lgo ­

rithm s a llo ws  us to  be  a little  mo re  c ava lie r abo ut 

e diting, in the  s e ns e  that we  do  no t have  to  remove, 

e ve ry s ingle  ano m alo us  s o unding in the  s e t, s im ply 

e nough to  give  CUBE a he ad s ta rt in e s tim a ting the  

s urfa c e , i.e ., to  im pro ve  the  s igna l-to -no ise  ratio .

The re fo re , we  may re mo ve  ju s t the  o bvio us  o utlie rs , 

and allo w the  algorithm to  pro c e s s  tho s e  c lo se  to  

the  'true ' s urfa c e  appro priate ly. This  wa s  use d to  

p re s e rve  the  o b je c tivity o f CUBE’ S e s tim ate s .

We  fo und tha t the  m a jo rity o f the  data  was  

pro c e s s e d  auto m atic a lly, and the  le ve l o f de ta il in 

the  re s ults  is  high (Figure s  1 1 -1 2 ). Pre s e rva tio n o f 

de ta il is  an im p o rta nt c o nc e rn in auto m atic  pro ­

c e s s in g  s c he m e s  s inc e  an o ve r-ze a lo us  pro c e dure  

c o uld  a ls o  re m o ve  im p o rta nt s m all fe a ture s . The  

dynam ic  de pth gate  im ple m e nte d  by the  b lunde r fil­

te r b o o ts tra ppe d  by the  m e dian de pth s ignific a ntly 

im pro ve s  pe rfo rm a nc e  in s p a rs e  a re as  fo r little  

e xtra  c o s t, a ltho ugh th is  a ffe c ts  o nly de e p s p ike s . 

We  o b s e rve d  a num be r o f s m all tra c kline  o rie nte d  

ho lid a ys  in the  data  (Figure  1 3 ), whic h we re  sub ­

s e q ue ntly trac ke d  to  d ro ppe d  p a c ke ts  in the  input 

data  s tre am  (i.e ., m is s ing  data  no t re c o rde d  by the  

c apture  s ys te m ). Altho ugh the s e  ho lid a ys  are  no t 

s ignific a nt with re s p e c t to  hydro graphic  c o ve rage  o f 

the  are a , the y illus tra te  a pro b le m  with c urre nt 

d ata  p ro c e s s ing  m e tho d s . The re  is  no  way to  

d e te c t the s e  d ro ppe d  pac ke ts  witho ut inve s tiga ting

Fig u re  1 5 :  U n c e rta in ty  c o lo u r-c o d e d  o v e r b a th y m e try ;  v ie w  fro m  G re a t  Le d g e  lo o k in g  n o rth  to  W o o d s  H o le  p a s s a g e .  Th e  

c o lo u r-c o d in g  is  9 5  p e r  c e n t  c o n fid e n c e  in t e rv a l p re d ic t e d  fro m  th e  p o s t e rio r  v a ria n c e  o f  th e  d e p th  e s t im a t e  c h o s e n  b y  

th e  d is a m b ig u a t io n  e n g in e , w ith  w a rm e r c o lo u rs  in d ic a t in g  h ig h e r u n c e rta in ty .  P re d ic t io n  v a ria n c e  is  a  fu n c t io n  o f  th e  

n u m b e r o f  s o u n d in g s  a s s im ila t e d  a n d  th e ir  c o m p o n e n t  u n c e rta in t ie s .  Th e  p rim a ry  s ig n a ls  e v id e n t  h e re  a re  d e p th  ra n g e  

a n d  b e a m  a n g le ,  s h o w n  in  th e  lin e a r f e a tu re s  d e riv e d  fro m  th e  lin e -p la n  u s e d  d u rin g  th e  s u rv e y



Fig u re  1 6 : H y p o th e s is  s t re n g th  c o lo u r-c o d e d  o v e r re c o n s t ru c t e d  b a t h y m e t ry :  W H O I d o c k  lo o k in g  n o rth .  H y p o th e s is  

s tre n g th  is  a  m e tric  in d ic a t in g  h o w  c e rta in  th e  d is a m b ig u a t io n  e n g in e  is  a b o u t  th e  h y p o t h e s is  it  re p o rt e d .  G re e n  

in d ic a t e s  s t ro n g  e v id e n c e  f o r th e  c h o s e n  h y p o t h e s is ;  th e  s c a le  to  re d  in d ic a t e s  d e c re a s in g  e v id e n c e ,  im p ly in g  th a t  th e re  

a re  o th e r p la u s ib le  s o lu t io n s

the  tim e s ta m p on e ac h pac ke t o f input data , whic h 

is  o b vio us ly unfe as ib le , and the y are  no t im m e di­

a te ly o b vio us  in po ints -m o de  data  d is p la ys . To 

de m o ns tra te  c o ve rage , o nly grid s  at a p p ro xim a te ly 

5 m re so lutio n are  re q uire d , and unde r any c o nve n ­

tio na l grid  c o ns truc tio n s c he m e , the s e  s o rts  o f ho l­

idays  wo uld  no t be  o b s e rve d . He re , CUBE has  be e n 

able  to  illus tra te  a po te ntia l pro b le m , and pro vide s  

a way to  vis ua lis e  the m  s o  tha t re as o ne d  q ua ntita ­

tive  d e c is io ns  can be  made  (in this  c a s e , to  igno re  

the  ho lidays  as  hyd ro gra phic a lly ins ignific a nt).

A use  fo r the  num be r o f s e lf-c o ns is te nt hyp o the s e s  

is  illus tra te d  thro ugh the  data  aro und the  Wo o ds  

Ho le  Oc e ano graphic  Ins titutio n (WHOI) do c k. The  

do c k p ilings  are  s uffic ie ntly la rge  to  re turn m ultip le  

be am hits , and he nc e  CUBE re s o lve s  m ultip le  

hypo the s e s , as  s e e n in Figure  1 4 . The  o b vio us  ge o ­

m e tric  a rrange m e nt o f the  m ultip le  hypo the s e s  

c le a rly ind ic a te s  th a t th e s e  are  m a n-m a d e , 

a ltho ugh this  is no t im m e d ia te ly o b vio us  ju s t from  

the  s urfa c e , s inc e  it is  c o ns tra ine d  to  c ho o s e  ju s t 

o ne  hypo the s is  as  ‘b e s t’ . An o b je c tive  m e as ure  o f 

c o ns is te nc y suc h as  th is  is  a ve ry po we rful to o l in 

m aking d e c is io ns  abo ut what to  ke e p, and what to  

igno re . CUBE a ls o  pro vide s  unc e rta inty e s tim a te s  

(Figure  1 5 ) tha t pro vide  info rm atio n ab o ut the  qual­

ity o f the  c ho se n hypo the s is , and a m e as ure  o f

‘ hyp o the s is  s tre ngth ’ (Figure  1 6 ) tha t a tte m pts  to  

m e as ure  ho w s ure  the  a lgo rithm  is  abo ut the  

c ho ic e  o f hyp o the s is  tha t it m ade . Us e  o f the s e  

ind ic a to rs  can furthe r info rm  p ro c e s s ing  to  b e s t 

utilis e  o p e ra to r tim e .

To c o m pare  the  CUBE o utput with a trad itio na l 

hydro graphic  p ro c e s s ing  c ha in, we  to o k the  pre lim ­

ina ry s m o o th-s he e t s e le c te d  s o und ings  fo r the  s ur­

ve y, and m atc he d  the m  a ga ins t the  CUBE s urfa c e , 

a s s um ing  tha t the y are  IHO Ord e r 1 ac c urate  (the  

ta rg e t fo r the  s urve y) [IHO, 1 9 9 8 ]. Fo r e ac h s e le c t­

e d s o und ing, we  fo und the  re c o ns truc te d  CUBE 

de pth within the  ho rizo ntal 9 5  pe r c e nt Cl fo r the  

s o und ing tha t m inim is e d  the  a b s o lute  ve rtic a l dif­

fe re nc e  be twe e n s o und ing and s urfa c e . We  the n 

s c a le d  th is  d iffe re nc e  by the  ve rtic a l 9 5  pe r c e nt Cl 

fo r the  s o und ing and c o m pute d  the  c um ula tive  

pro b a b ility m as s  func tio n o ve r the  5 9 0 2  s e le c te d  

s o und ings  (Figure  1 7 ). We  o b s e rve  tha t ju s t o ve r 

9 5  pe r c e nt o f the  s o und ings  are  b e lo w the  one  

unit Cl lim it (1 3 5  s o und ings  o f 5 9 0 2 , o r 2 .3  pe r 

c e nt are  abo ve ) as  e xpe c te d , s ho wing tha t the  

CUBE s urfa c e  a gre e s  ve ry we ll with the  tra d itio na l 

s e le c te d  s o und ing appro ac h in this  c a s e . The  s light 

b ia s  is  pro b ab ly due  to  a c o m b inatio n o f finite  s am ­

ple  e ffe c ts  and the  tra d itio na l appro ac h o f sho a l 

b ias e d  s e le c tio n o f s o und ings .
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Fig u re  1 7 :  C u m u la tiv e  p ro b a b ilit y  m a s s  fu n c t io n  f o r c o m p a ris o n  b e tw e e n  p re lim in a ry  s m o o th -s h e e t  s e le c t e d  s o u n d in g s  

a n d  C U B E  o u tp u t  s u rf a c e s .  Th e  h o riz o n ta l s c a le  is  m in im u m  v e rt ic a l d if f e re n c e  b e tw e e n  th e  C U B E  s u rf a c e  a n d  th e  

s e le c t e d  s o u n d in g  a s s u m in g  th a t  th e  s o u n d in g s  a re  IH O  O rd e r 1  a c c u ra te  (th e  ta rg e t  f o r th e  s u rv e y ) .  Th e  a x is  is  s c a le d  

to  th e  v e rt ic a l 9 5  p e r  c e n t  C l f o r IH O  O rd e r 1  s u rv e y ,  s o  w e  e x p e c t  (a n d  o b s e rv e )  9 5  p e r  c e n t  o f  th e  s e le c t e d  s o u n d in g s  

w ith  v e rt ic a l e rro r le s s  th a n  1 .0

Conclusions

Our c urre nt m e tho d s  o f p ro c e s s ing  Multibe am  

Ec ho so unde r (MBES) data are  be c o m ing inade quate  

as  fa s te r and highe r re so lutio n s ys te m s  c o m e  

o nline . We  have  argue d tha t s ta tis tic a l m e tho ds  o f 

pro c e s s ing data are  no t o nly use ful, but are  in fac t 

re quire d whe n we  c o ns ide r the  p ro pe rtie s  o f MBES 

data. We  have  o utline d an a lte rnative  me thod fo r 

pro c e s s ing suc h data, whic h a tte m pts  to  handle  the  

m ajo rity o f s o undings  auto m atic a lly by fo c us ing on 

e s tim atio n o f ‘true ’ de pth, rathe r than s e le c ting 

‘ b e s t’ s o undings , while  build ing in quantita tive  e s ti­

m ate s  o f data q ua lity and guide line  m e tric s  fo r 

QA/ QC. We  ac c e pt that no me thod  will be  c o m ple te ­

ly auto m atic . We  have  the re fo re  a ls o  o utline d an 

inspe c tio n and fe e db ac k m e c hanism  tha t atte m pts  

to  harne s s  the  powe r o f auto m atic  m e tho ds  to  bo o t­

s trap o pe ra to r e ffo rt. The  algo rithm can be  run in 

po s t-pro c e s s ing o r re al-tim e  mo de , and can pro vide  

inte rim re sults  as data is be ing gathe re d.

Thro ugh the  data e xam ple  s ho wn he re , we  have  

illus tra te d  the  CUBE a lgo rithm . We  o b s e rve  tha t 

the  a lgo rithm  is  s uita b ly ro b us t fo r typ ic a l hydro - 

graphic  s ys te m s , and tha t it handle s  the  m a jo rity o f 

data  a uto m a tic a lly; the  a lgo rithm  is  a ls o  s uffic ie nt­

ly fa s t to  ke e p up with data  c a pture  ra te s , e ve n in 

an e xpe rim e nta l re s e a rc h im p le m e nta tio n. We  

have  fo und tha t the  a lgo rithm  is  no t s e ns itive  in its  

param e te rs  (give n c a lib ratio n o f the  e rro r mo de l

thro ugh in s ta lla tio n  and patc h te s t m e a s ure ­

m e nts ), s o  tha t it d o e s  no t ne e d to  be  re turne d  fo r 

e ac h d a ta s e t.

We  have  sho wn e lse whe re  [Ca lde r & Maye r, 2 0 0 1 ,

2 0 0 2 ] tha t CUBE’ S e s tim a te s  are  s ta tis tic a lly e q uiv­

a le nt to  m o re  c o nve ntio nal s urfa c e  e s tim atio n te c h ­

nique s , and he re  tha t the y agre e  we ll with a tradi­

tio na lly c o ns truc te d  s e le c te d  s o unding s e t. We  are 

c urre ntly pursuing a pro je c t to  sho w hydro graphic  

e q uivale nc e  (in the  s e ns e  tha t the  s am e  hydro - 

graphic  c o nc lus io ns  wo uld be  re ac he d us ing CUBE’S 

re sults  as  fo r a traditio nal pro c e s s ing s c he m e ). 

CUBE c urre ntly e xis ts  as  a s o urc e  c o de  lib rary de ve l­

o pe d at CCOM-JHC and is  availab le  on a no n-e xc lu- 

s ive  ro yalty-fre e  b as is  to  m e m be rs  o f the  CCOM-JHC 

Industria l Co ns o rtium . Our inte ntio n is  fo r CUBE to  

be  inte grate d with o the r p ro c e s s ing s c he m e s  in 

o rde r to  pro vide  the  s up p o rt s e rvic e s  and use r inte r­

fa c e s  tha t we  have  appro xim ate d  in the s e  e xpe ri­

m e nts , rathe r than be ing use d on its  own.

References

Cald e r, B. R., and L. A. Maye r (2 0 0 1 ), R o b u s t  

A u t o m a t ic  M u lt ib e a m  B a t h y m e t r ic  P ro c e s s in g ,  

Pro c . U.S . Hydro . Co nf. 2 0 0 1 , No rfo lk, VA, 2 0 0 1  

(re p rints : www.tho s a .o rg / us 0 1 p a p e rs .htm )

Ca ld e r, B. R., and L. A. Maye r (2 0 0 2 ), A u t o m a t ic

http://www.thosa.org/us01papers.htm


P ro c e s s in g  o f  H ig h -R a te , H ig h -D e n s it y  M u lt ib e a m  

E c h o s o u n d e r D a ta ,  s ubm itte d  to  Ge o c he m ., Ge o - 

phys ., Ge o s ys t. (G3 , g -c ub e d .o rg), DID 2 0 0 2 GC 

0 0 4 8 6 , De c e m be r 2 0 0 2

De b e s e , N. (2 0 0 1 ), U s e  o f  a  R o b u s t  E s t im a t o r f o r 

A u t o m a t ic  D e te c t io n  o f  Is o la t e d  E rro rs  A p p e a rin g  in  

B a t h y m e t ry  D a ta ,  Int. Hydro . Re vie w, 2 (2 ), 3 2 -4 4

De be se , N. and P. Michaux (2 0 0 2 ), D é te c tio n  A u to m a ­

t iq u e  d 'Erre u rs  P o n c tu e lle s  P ré s e n te s  d a n  le s  D o n ­

n é e s  B a th ym é triq u e s  M u lt if a is c e a u x  P e tits  Fo n d s , 

Proc . Canadian Hydro . Conf. 2 0 0 2 , Toronto , 2 0 0 2

Du, Z., D. E. We lls , and L. A. Maye r (1 9 9 6 ), A n  

A p p ro a c h  to  A u to m a t ic  D e t e c t io n  o f  O u t lie rs  in  

M u lt ib e a m  E c h o s o u n d in g  D a ta ,  The  Hydro . Jo urna l, 

7 9 , 1 9 -2 5

Ee g, J. (1 9 9 5 ), O n  th e  Id e n t if ic a t io n  o f  S p ik e s  in  

S o u n d in g s ,  Int. Hydro . Re vie w, 7 2 (1 ), 3 3 -4 1 .

Barnum , S ., M. Cis te rne ili, and R. Bre nnan (2 0 0 1 ), 

NOAA Ship  WHITING Data  Ac q uis itio n and Pro c e s s ­

ing Re po rt S-B9 0 4 -WH (Wo o ds  Ho le , MA; re g is try 

num be r H1 1 0 7 7 ), Natio na l Oc e an S e rvic e , NOAA

Go urle y, M., and K. De s Ro c he s  (2 0 0 1 ) C le v e r  U s e s  

o f  Tilin g  in  C A R IS /H IP S ,  Pro c . 2 nd Int. Co nf. on 

High Re s o lutio n  S u rve y in S h a llo w  Wa te r, 

Po rts m o uth, NH, Se pte m b e r 2 0 0 1

Hare , R., A. Go din and L. A. Maye r (1 9 9 5 ), A c c u ra ­

c y  E s t im a t io n  o f  C a n a d ia n  S w a th  (M u lt ib e a m )  a n d  

S w e e p  ( M u lt it ra n s d u c e r)  S o u n d in g  S y s t e m s ,  Te ch 

Re p., Canadian Hydro graphic  Se rvic e .

IHO Co m m itte e  (1 9 9 8 ), IHO Standard  fo r Hydro - 

graphic  S urve ys , Int. Hydro . Orga niza tio n, Spe c ia l 

Pub lic atio n S .4 4 , 4 e d

Sm ith, S ., L. Ale xande r, and A. Arm s tro ng  (2 0 0 2 ), 

Th e  N a v ig a t io n  S u rf a c e :  A  N e w  D a t a b a s e  A p p ro a c h  

to  C re a t in g  M u lt ip le  P ro d u c t s  fro m  H ig h -D e n s it y  

S u rv e y s ,  Int. Hydro . Re vie w, 3 (2 )

Ware , C., L. S lipp , K. W. Wo ng, B. Nic ke rs o n, D. E. 

We lls , Y. C. Le e , D. Do dd, and G. Co s te llo  (1 9 9 2 ), 

A S y s t e m  f o r C le a n in g  H ig h  Vo lu m e  B a th y m e try ,  

Int. Hydro . Re vie w, 6 9 (2 ), 7 7 -9 4 . We s t, M., and J. 

Harris o n (1 9 9 7 ), , 2 e d ., Springe r-Ve riag

Acknowledgements

The  s up p o rt o f NOAA grant NA9 7 0 G0 2 4 1  is  grate ­

fully a c kno wle dge d , as  are  the  m any fruitful d is ­

c us s io ns  I have  had with c o lle a gue s , and s ke ptic a l 

hydro graphe rs , who  ke pt the  pro c e s s  gro unde d  in 

s o m e thing like  re ality. My thanks  a ls o  to  the  Cap ­

ta in and c re w o f the  NOAA Ship  WHITING fo r the  

pro vis io n o f, and the ir a s s is ta nc e  with, the  d a ta s e t 

p re s e nte d . No te  tha t the  use  o f p a rtic ula r s o ftware  

o r hardware  in the  de s c rip tio n o f this  wo rk is  no t 

inte nde d as  e ndo rs e m e nt. Trade m arks  and c o py­

rights  o f the  re s pe c tive  m a nufac ture rs  are  ac kno wl­

e dge d , e ve n if no t s o  marke d in the  te xt.

Biography

Dr. Brian Ca ld e r is  a Re s e arc h As s is ta nt Pro fe s s o r 

at the  Ce nte r fo r Co a s ta l and Oc e an Mapping & 

Jo int Hydro graphic  Ce nte r at the  Unive rs ity o f Ne w 

Ha m ps hire . He  graduate d  MEng and PhD in Ele c tri­

ca l & Ele c tro nic  Engine e ring fro m  He rio t-Watt Uni­

ve rs ity in Edinburgh, Sc o tla nd  in 1 9 9 4  and 1 9 9 7  

re s pe c tive ly, but was  s ub s e q ue ntly s e duc e d  into  

s o na r s ignal p ro c e s s ing  fo r re a s o ns  tha t are  now 

o b s c ure . His  re s e a rc h inte re s ts  have  pre vio us ly 

c o ve re d  s p e e c h re c o g n itio n , te xtu re  a n a lys is , 

o b je c t de te c tio n in s id e s c a n so nar, high-re s o lutio n 

s ub -b o tto m  pro filing, s im ula tio n o f fo rwa rd -lo o king 

pa s s ive  infrare d im age s , a c o us tic  m o de lling and 

pe b b le  c o unting. Curre ntly, the y re vo lve  aro und the  

applic a tio n o f s ta tis tic a l m o de ls  to  the  pro b le m  o f 

hydro graphic  data p ro c e s s ing.

E-m ail: b rc @ c c o m .unh.e d u

mailto:brc@ccom.unh.edu

	Automatic Statistical Processing of Multibeam Echosounder Data
	Recommended Citation

	tmp.1447874991.pdf.3Lhei

