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Abstract

Thiswork s an attemptto recognize discontinuities within ordered data series by the use of the Walsh functions. Walsh functions
are a system of orthogonal functions used in showing how the energy in a given signal is distributed among these rectangular wave
components revealing the existent boundaries. This paper presents the capacity of Walsh transform on determining the statistical
significance of discontinuities within ordered marine ecological data. Marine ecosystems present high vertical patterns; dataseries
on particulate matter concentrations (measured by the Underwater Video Profiler (UVP)) were used to recognize homogeneity
limits in water columns. Firstly, Walsh functions are generated in a compact form. Then, a spectral decomposition is performed
on the ecological signal to obtain a stepped Walsh version; the step width at this stage is unvarying, picking constant vertical
sections. To avoid this limitation, the estimated series is then smoothed to recognize changing step widths by merging successive
blocks presenting statistical non-significant difference; here the nonparametric Kolmogorov—Smirnov test is used. This Walsh
transform algorithm provides a fast, simple yet accurate means of separating ordered ecological data into groups of observations
corresponding to different marine water masses. This method is applied to four profiles measured at the same site during 2 days.
The temporal evolution of depth transitions are first discussed and then used for the validation of the transform model.
© 2004 Published by Elsevier B.V.

Keywords:Ordered data discontinuities; Boundary detection; Walsh function; Spectral decomposition; Underwater Video Profiler; Water masses;
Nonparametric; Classification; POMME cruise

1. Introduction discontinuities, or transition zones between relatively
homogeneous ecosystem units. The interpretation af

Ecologists (e.glL.ivingston, 1903; Clements, 19D5  their ecological significance has been quite variee
have recognized long, the existence of boundaries, (Whittaker, 1956; Margalef, 1979Most traditional s
methods for analyzing ecological data have concens

"+ Corresponding author. Tel.: +216 22 780 469; trated on comparisons be_tween homogeneou_s units,
fax: +216 71 732 622. rather than on the boundaries between th€or(elius s
E-mail addresshamadou@obs-vlfr.fr (B.-h. Radhouan). and Reynolds, 1991In order to detect, characterize, s
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and classify boundaries, advance development of im- procedure determines the numbers of resulting cluss
proved numerical methods are needddl(and, 1988; ters within the ordered data. The use of a high numbes
Van der Maarel, 1990Van der Maarel (1976&elated of Walsh functions allows a high resolution on pick-s
that phytosociologists used quantitative methods for ing boundaries, even when large clusters are desiredsa
locating discontinuities in ordered data since 1930s. limited number of Walsh functions are used. A majots
Ludwig and Cornelius (198Tisted the commonlyused  problem encountered with the use of the Walsh transe
techniques for (1) searching patterns in one variable form procedure is that the resulting clusters present the
along a one-dimensional transect, e.g., spectral analy-same number of observation and so the same length.

sis, correlograms, periodogranhsiflwig and Goodall, To circumvent this limitation, we used a nonparametss
1978; Legendre and Legendre, 199€) predicting, ric statistical method that combined successive clustess
smoothing, or interpolating patterns of one variable from a Walsh version. 95

across a two-dimensional grid, e.g., smoothing splines,  This algorithm resulting from this method was ap-s
kriging (Souissi et al., 2001and (3) classifying com-  plied to four particulate matter profiles collected fromor
munity data that repeat due to multivariate sampling 0 to 500 m with a special video system at a singles
along random transects, e.g., cluster analysis, associasite in the Northeast Atlantic during the cruise Pros
tion analysisiegendre and Legendre, 1998; Hamadou gramme d’Oéanographie Multidisciplinaira Méso- 10
etal., 200]. Echelle (POMMED3). 101
Analyses of ecological datasets in general and on  The objectives of this study included: (1) identificao:
marine systems especially, usually focus on the homo- tion of the boundaries between homogenous successise
geneous communities that are presumed to occur in thewater columns; (2) dynamics of these water columns
study arealft Panis and Verheyen, 1993n order to during the 2-day sampling period; (3) the development
identify and isolate their boundaries, researchers haveof a tool for a prospective analysis with multiple bio-os
used classification analysis or ordination technique to geochemical parameters measured under the same cen-
recognize different communities within the sampled ditions. 108
area. Advances in marine exploration techniques are  This paper describes a mathematical approach to de-
leading to an increasing number of data series and fre- tect discontinuities in the water column. The obtaineg
guency acquisition, which calls forimproved data anal- results are a partition of each profile into successive
ysis methods. water layers regarding their particulate matter abumn=
In ocean systems, the vertical speed of currents dances. 113
and the mixing of layers are of limited importance The advantage and possible applications of the
with respect to horizontal dynamics. High disconti- method are discussed. 115
nuity events are then encountered along a vertical
transect on ocean water columns. These stratifications

and boundaries between homogeneous masses of wa2. Materials and methods 116
ter are, in spite of their importance, often undetected

and no appropriate numerical analysis exists to reveal 2.1. Study areas and data acquisition 117
them.

To overcome these shortfalls, a method using the  Using the Underwater Video Profiler (UVP)us
set of Walsh functionsWalsh, 1923 has been devel-  (Gorsky et al., 1992; Stemmann et al., 2Dp@@ofiles 1o
oped, which enhances transitions in signal level and were performed during the POMME cruise betweeio
combines information from several profiles in select- February and October 2001 in the Northeast Atlantie:
ing a set of boundaries or clusters. The Walsh functions (Fig. 1). The UVP is a waterproof, vertically deployed:-
are a set of rectangular waveforms that have discrete multi-instrument array for in situ image and environxs
transitions and assume only the values +1 aridon mental data acquisition and of a system allowing the:
the interval [0, 1] Lanning and Johnson, 198De- analysis of images and the treatment of d@argky 1
composition of the original data series by the Walsh et al., 2000. The lowering speed of the UVP is 1 m/s;z
functions returns a stepped version of the original sig- the maximum depth is 1000 m and the acquisition frex
nal. The number of Walsh functions used in this filter quency is 12 images per second. 128
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40y W Irw =l 1 ] 20 =W 10w - a

Fig. 1. POMME site. The large frame (SOPRANE) indicates the geographic limits of the SOPRANE hydrodynamic model. The small frame
delimits the POMME sampling site. Dotted line shows the subduction zone of modal waters coming form the North Atlantic. North Atlantic
and Azores currents are also presented.

Data on number and size of large particulate matter puted to avoid high resolution and noisy signal errorss
(LPM larger than 0.1 mm) were then extracted from (Fig. 2). 137
numerical video sequencekdhevarria et al., 2002; In this paper, the case study will be limited tass
Stemmann et al., 2002In this study, application is  four profiles performed for a single site, throughouis
made on the number of particle profiles. The number 2 days in September 2001. The 0-500 m sampled wa-
of LPMis computed in each image of the profile record. ter column is situated in the center of an anticyclonig:
Then the median of each 4 m (48 images) is com- gyre. 142
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Fig. 2. Original signal in black continuous line corresponds to the number of particles in each image from UVP records. In superimposed dotted

white line is the resulted median for each 4 m of records.

3. Data analysis drologic and hydrodynamic conditions. This clustering.
must be sequential, involving the use of constrained sta-
Typically and due to the high frequency of data ac- tistical methods because of the necessity to gather only
quisition using the UVP, the original dataset presents a successive observations. 157
large variance comparing to the mean sigifradj( 2). A method using the set of Walsh functions has beeg
Nevertheless, some parts of the profile are quite uni- developed; analogousto the Fourier transform analysis,
form and can be considered to be unvarying. These the Walsh transform performs a spectral decompositiaa
terms urge to decompose the dataset to an equivalent(Morettin, 1974. In this way, the ordered data series.:
less “noisy” dataset formed by successive blocks or can be represented by a set of component functions
clusters. Each cluster can then be interpreted separatelypermitting the reproduction of the original data. Whems
towards the environmental settings. Variations between suitably used, the Walsh transform generates smoothed
clusters are then the result of the variation in these hy- series arranged in steps but also provides the informa-
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1 Walsh functi ] the time duration of the signakig. 4 shows the first 1ss
aish 1unctions generation eight Walsh functions. Even numbered Walsh functions
\

v

Choice of the number of Walsh functions to use: J

Multiregression analysis
|\

Saporta
test

Spectral decomposition of the signal ]

~N

r

Kolmogorov-
Smirnov test

!

Final smoothing ]

\

Fig. 3. Organogram presenting the different steps of the numerical
analysis.

tion and variance quantity, eliminated by the smoothing
procedureFig. 3presents the different steps to perform
the Walsh transform.

4. Walsh functions

The Walsh functions form an orthogonal and square-
wave set of functions originally presented Wyalsh
(1923) The sets of functions are a set of rectangular
waveforms, which assume only the values +1 aiid

are symmetric and odd numbered ones are antisymmei-
ric with respect to the interval mid-point (s€g&g. 4).
This is analogous to the relationship of the trigonomets
ric cosine and sine functiondgnning and Johnson, 1
1983. Otherwise, a general property enables a sym:
metry relationship as,

WAL(i, j) = WAL(}, i)
WAL(n, 1) = WAL(t, n)

189

()
3)

The practical importance of this is that the Walsks
transforms and their inverse represent the same maih-
ematical operationen, 1982

194

195

198

5. Spectral decomposition 199
The concept of spectral decomposition is that any
data series can be represented by a set of component

functions, when combined, recovers the original data
(Lanning and Johnson, 1983The goal is to find the 203
magnitude and sign of the weights of these componenis.
These weights depend on the nature of the data and the
characteristics of functions used in decomposition. b
order to represent a continuous limited sedeé =1,
2,..., N) completely by the Walsh functions, it is nec-os
essary that the number of data points in the series be
equal to the minimum sequence ordérA necessary 2.0
requirement for a successful application of Walsh funen
tions is thatN = 29, whereq is any convenient positive 2.
integer power satisfying the precedent property. Sineg

207

There are several method used to generate the subset i€ Walsh function forms a basis this implies that exists:

Walsh functions, recursive relation, from Rademacher
function Rademacher (1922jhrough the Hadamard

matrix, etc., the method used in this assignment is the x; = Z Cj-WAL(j, i)

discrete version given in a compact form Byown
(1977)andSen (1982ps,

WAL@O,r)=1 fortr=1,2,...,T,

1 fort=12,... 3T

WAL(1, 1) = . 1
~lfort=GN+1GN+2,....T.

whereT depicts the total number of orthogonal func-
tions in the set; and[2] is the integer part of the argu-
ment,n indicates which functions of all the set we are
referring to, it is its index or sequence number &isl

a representation of the series of the form:

215

N
(4)

216
Jj=0

where the coefficient€; are given as a result of thea
Walsh transform:

218

WAL(n, 1) = WAL([ 3n], 2¢) - WAL(n — 2[n], 1) (1)

()

219

N
1 .
Cj= N?_OX]wWAL(J, i)
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Fig. 4. Walsh functions foN = 8. Each function assumes only the values +*+arwith discrete transitions between the two.

The coefficient<C; are to be chosen in a way to mini- Then an estimator presented $gporta (1990&and 243
mize the mean-square approximation ergetf, 198} modified here to give more weight to choices with less.
For ordered data and especially in time series analyses,Walsh functions is computed: 25

the Walsh functions are capable of depicting the peri- A n
odic component with minimum effort of computation 0" = D _k_1
and great accuracy.

As previously suggested the number of Walsh func- The modified criterion is:
tions N must be a power of 2, but the choice remains n 3/2
arbitrary in the literature. Points worthy of notice are 62 = <—> 1- Rz)s§ 248
that the number of Walsh functions will be the same n—k-1
than the number of blocks issued from the Walsh trans-  This modification is retained following an analysisas
form. This fact involves the possibility to change the of sensibility. 250
number of used Walsh functions to reveal either macro- ~ The choice of the number of Walsh functidds ad- 2
scale or micro-scale changes throughout the datamitted forthe one that minimize tliécriterion Fig.5).
series. This selection procedure and the stepwise one difs

To make the selection of this number objective, a se- fer from one another in that there is no test made be-
guential multiple regression adapted from the stepwise tween additions of new explanatory series (Walsh funes
multiple regressionlegendre and Legendre, 1998; tions). In that way, new Walsh functions are addegs
Hakanson and Boulion, 20P2s used. First the=?- in each loop of the sequential multiple regression te
like coefficient is computed for the multiple regression the pre-existing dataset with respect to their originads
between the original data series and the independentposition in the entire set of Walsh functions. In eachs
(and uncorrelated) variables being each set of Walsh step, not only the following Walsh function is addeds
functions computed foN = 4, 8, 16, 32, 64, etc. but also the entire subset of Walsh functions needesl

(1- Rz)si 246

247
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Fig. 5. Growth of theR?2 and4? statistics depending on adding new Walsh functions. The suitable number of Walsh function is picked for the
minimum Saporta criteriof? value.

to reach the following power of 2N(= 29) as num- the observed maximum magnitude followed by thes
ber of total Walsh functions used for the multiple observed minimum one, then continued by the segs
regression. ond maximum value and the second minimum on&

and so on; from this contrast function, the successive
differences are computed. These differences preseat
6. Smoothing the Walsh versions the maximum disparity that can be observed bes
tween the whole levels considered from the Walshs
At this stage, the Walsh version consistdNiparts version; an explanatory model is presented in the
resulting from the decomposition of the original data (Fig. 6). 287
series. The level's gaps between successive blocks or The nonparametric Kolmogorov—Smirnov test iss
clusters are more or less important. Regarding the computed between the observed difference series (6-43)
noisy nature of the data series and the high level of and the hypothetical difference series (6-D) to detess
acquisition frequency, an additional smoothing is ap- mine if these independent random series can be assisn-
plied. Consisting in merging clusters presenting non- ilated to be drawn from the same underlying sampling-
significant differences, a Kolmogorov—Smirnov test The Kolmogorov—Smirnov test, to be a nonparames
is used to test the significance of the difference be- ric random (signed-ranks free) test, does not take inia
tween the successive magnitudes of the Walsh ver- account the ranks of the two tested series values, this
sion (Siegel, 1956; Legendre and Legendre, 1998 fact allows to test unsorted series vectors to identify ifs
To compute this test a contrast function is exploited. the empirical distribution functions from these sample-
This contrast function consists of the alternation of vectors are equals.
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Fig. 6. Explanatory example for the computation of the K-S test. (A) original signal, (B) the resulting contrast function by sorting the original
signal, (C) observed differences between successive original signal values, (D) differences between successive values of the contrast function
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If the null hypothesisHg that the two series are  sive clusters presenting low differences stops when hy:
analogous is rejected then the two clusters separatedpothesisHg that there is no difference between thes
by the minimum gap, are merged together and the two series is retained. The hypothebig is retained s
Kolmogorov—Smirnov test is computed one more time when the threshold value of the Kolmogorov—Smirnow:
between the new observed difference series and thetest is reached at level = 0.05.Fig. 7A presents the s
new theoretical one. The amalgamation of the succes- Kolmogorov—Smirnov test probabilities values func-

0.9

0.8

0.7

0.6

o o
w b

Kolmogorov-Smirnov test probability values
o o
n [&)]

(A) Successive amalgamation

80F

160+

400
480+
0 0.5 1 0 0.5 1 0 0.5 1
(B) Original signal Walsh version  Smoothed Walsh version

Fig. 7. (A) Kolomogorov—Smirnov test probabilities function of the amalgamation level. Suitable level is picked when probability reaches 0.05.
(B) Stages from the original signal to the final smoothed Walsh version. Scales are normalized to 1.
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0
80+
160 ¢
E
= 240+t
a
[
0 320
400
i 480+
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
2 Walsh functions version 4 Walsh functions version 8 Walsh functions version
0 0
80 80
160+ 160+
E
c 240¢ 240t
o
[0
0 320¢ 320}
400 1 400
480% . 480} 480}
0 02 04 06 08 1 0 02 04 06 08 1 0 02 04 06 08 1
16 Walsh functions version 32 Walsh functions version 64 Walsh functions version

Fig. 8. Walsh functions for the same signaNat 2, 4, 8, 16, 32, 64. Original signal in continuous line, Walsh function in dotted line. Notice
that according to the sequential multiple regression the 32 Walsh version was retained.

tion of the amalgamation level; the threshold at 0.05 sures were retained, this corresponds to a depth saf
suggests the number of the amalgamation level to be 480 m.Fig. 8 presents the Walsh versions for differsz
reachedFig. 7B presents the final resulting smooth- ent numbers of Walsh functions applied to the same
ing of the original Walsh version. This smoothing al- original data series. It can be seen that in the Walsh
lows the amalgamation of two successive levels on the versions the step width is a constant throughout the dis
Walsh version until obtaining a well contrasted Walsh ration of the signal and their number is equal to thes
version. considered number of Walsh functions. As specifieg
previously, a sequential multiple regression is applieg

to recognize the suitable number of Walsh functions ta

7. A case study be usedFig. 5 presents the evolution of tHe? value s
as a function of the number of used Walsh functionsx

The discontinuities picking procedure is used for the suitable number is 32 functions according todhe s

a UVP data series recorded in the Atlantic Ocean in criterion. 33
which several discontinuities could be found. Due to The Kolmogorov—Smirnov testis then used to detegs
numerical constraints, only the first 128 € 27) mea- mine, which of the different preformed clusters will bess
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-80

-160F

-240 -

T

Depth (m)

-320 —

-400 -

-480 .

1 1 | 1 1 | |
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Fig. 9. Walsh versions for successive four UVP profiles recorded in the same site during 48 h. The first 32 Walsh functions were used for the
four profiles. Similar depths for discontinuities picking suggest (1) limited changes in water masses allocation during the sampling period (2)
validation of the picking discontinuities procedure.

gathered togetherig. 7B presents the finalamalgama- 8. Discussion a2
tion to be considered revealing the different homoge-
nous water layers to be considered in the ecological The main purpose of this paper was to develop an
analysis of the data. algorithm to classify ordered observations in the mas
This whole procedure is repeated for three ad- rine ecosystems. Methods used for smoothing suchsas
ditional profiles recorded with the first one in the the running means and the running medians are liabie
same site during 2 days. The results illustrated in to perform a clustering, but the choice of the width of-
(Fig. 9 present the different clustering and the fi- the smoothing-window remains arbitrary. Constraineg
nal Walsh version made for each of the profiles orconditional classificationtechniques maintaining the
considered. order of samples in the formation of cluste@ofdon, s
Considering the continuity of the ocean water prop- 1973;Legendre etal., 198as well as association anal-s
erties and the relative smallness of the time intervals be- ysis with contiguity constrainpilliams and Lambert, e
tween profiles (4-12 h), a homogenous stratification of 1959; Legendre and Legendre, 1998; Hamadou et als,
the water column at almost permanent depths is demon-2001) can also be used when the final number of clusx
strated suggesting a relative homogeneity of the water ters is specific or predetermined. Another method used
columns during the sampling time in terms of relative in finding discontinuities in time series is the split movzss
abundance of particles. ing window (SMW), originally described byhittaker s
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(1960) The SMW-method is a quantitative method by article on the statistical approach of Walsh spectrak
which relative discontinuities might be objectively re- analysis. a7
vealed from multivariate ordered dat@drnelius and To illustrate this detection analysis of clusterss
Reynolds, 19911 The method compare distances com- into ordered data, profiles of particulate matter abums
puted between the two halves of all sequential win- dances were used. First, Walsh functions are genet-
dows of specific sizes. This technique is in current use ated to compute a spectral decomposition on data se-
in geophysics for identifying soil-boundarié&/ébster, ries. Then a smoothing method performs an amalga-
1973, in separating vegetation zoné®iérenga et al., mation of the resulting clusters to obtain an inforss
1987 andis also used for boundary detection in data se- mative decomposition. This amalgamation is stopped
ries from benthic communitiefnt Panis and Verheyen, when a statistical threshold is reached (according te
1995. But this technique seems to be mostly adapted the Kolmogorov—Smirnov test). The resulting classizs
to multivariate series and presents limitations in de- fication suggests a stratification of the water columi
limiting homogeneous clusters for univariate datasets, (0-500m) into six layers. This result is reached fogs
such as the use of statistical means for the com- the four data series used for the method illustratiors
putation of dissimilarity between the two halves of High number of significant discontinuities is observedo
the window (udwig and Cornelius, 1987 Momen on the upper layers of the water column due to almost
et al. (1996)used cluster analysis to detect both step certainly to a homogenization at deeper depths cou:
(abrupt) and monotonic (gradual) changes in time and pled to a relative stratification on the surface. Treatings
space patterns. TH2? to the centre methodi{anez, time ranged profiles from the same location permits the
198]) is also inadequate because it allows us to de- recognition of homogenous mass of water permanently
tect one-off discontinuities in a multivariate record distributed according to their depth position and theiks
but does not allow us to find successive homogeneousidentified LPM abundances. The detection of discontis
periods. nuities at the same depth for time-scale dependent data
The Walsh transform has been presented as an ap-series suggests that the Walsh analysis is appropriate
propriate tool for use in the analysis of ordered data for such data series. 440
clustering.Stoffer (1991)presents the statistical ap- Another advantage in using Walsh analysis is tha
plications of this transform comparing to the Fourier switch between small clusters to large ones allowing
one; the method is then presented as suitable to handledifferent space-scale interpretations. First interpretas
discrete or categorical-valued series and to recognizetions can be made according to unsmoothed Walsh ves-
sharp discontinuities. sion allowing the recognition of small distribution orus
The cutting out of the data series into multi- particulate matters. During the smoothing proceduke
ple boundaries is based on the decomposition of one can also make use of intermediate clustering for
the original signal according to multiple square- ecological interpretation. a0
wave functions. If measurements made on systems, AnalyzingFig. 9, considering the continuity of the as
which oscillate harmonically should be analyzed us- ocean water properties and the relative smallness of the
ing Fourier techniques then Walsh analysis is more time intervals between profiles (4-12 h), ahomogenous
appropriate for data taken from systems that have stratification of the water column at almost permanens
discrete or very sudden changes from one state depths is demonstrated suggesting a relative home-
to another anning and Johnson, 1983This fact geneity of the water columns during the sampling time.
presents an important issue for using Walsh analy- interms of relative abundance of particles. This point ofs
sis on marine data series resulting in the irregular note corresponds appropriately to the assumption that
marine structure due to multiple causes (e.g., sum- the central water column in an anticyclonic gyre shows:
mer stratification, atmosphere interactions, coastal pol- a stable stratification maintained almost certainly bys
lution, complex hydrodynamics, etc.). Such a pos- a halocline Semtner, 1976; Rougerie and Ranchersy
sibility is encouraged by the lecture ddrillinger 1994. Beyond this large connotation a small variaso
(1981)who gives an application of the Walsh trans- tion is detected between successive diurnal profiles..A
form for the Nile River Discharge data series and larger distribution of large particles can be identifiea
Morettin (1981) who provides an excellent review as a fine diel migration of zooplankton in night-times:

ECOMOD 3773 1-14



464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498
499
500
501
502
503
504
505

DTD 5

B.-h. Radhouan et al. / Ecological Modelling xxx (2004) Xxxx—xxx

searching more food supplies. In fact, many species
migrate from day-time depths below 200 m up to the
surface at night where they feed on the phytoplank-
ton. There has been little modelling of this migration
(Wroblewski, 1982; Andersen and Nival, 1991; Steele
and Henderson, 1998

In general, the ecological patterns of these layers
can beidentified when coupled to other biogeochemical

distributions recorded for the same site and in the same

condition.

In summary, this paper proposes a method for de-
tecting discontinuities within an ordered data series
coupled with nonparametric methods for determining
the statistical significance of scale-dependent discon-

tinuities. The Walsh analysis successfully decomposes
a given data series into linear and simple components.

Their mathematical manipulations are based on sim-
ple addition and/or subtraction. A full set of Walsh
functions is the most suitable transformation for repre-
senting the sudden changes in vertical distribution of
marine snow. The use of Walsh analysis according to
other parameters in oceanography will certainly give
enhanced appreciation of its concordance with marine
ecology data series.
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