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Abstract9

This work is an attempt to 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
b his Walsh
t servations
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locks presenting statistical non-significant difference; here the nonparametric Kolmogorov–Smirnov test is used. T
ransform algorithm provides a fast, simple yet accurate means of separating ordered ecological data into groups of ob
orresponding to different marine water masses. This method is applied to four profiles measured at the same site du
he temporal evolution of depth transitions are first discussed and then used for the validation of the transform mode
2004 Published by Elsevier B.V.

eywords:Ordered data discontinuities; Boundary detection; Walsh function; Spectral decomposition; Underwater Video Profiler; Wate
onparametric; Classification; POMME cruise

. Introduction

Ecologists (e.g.,Livingston, 1903; Clements, 1905)
ave recognized long, the existence of boundaries,

∗ Corresponding author. Tel.: +216 22 780 469;
ax: +216 71 732 622.
E-mail address:hamadou@obs-vlfr.fr (B.-h. Radhouan).

discontinuities, or transition zones between relati
homogeneous ecosystem units. The interpretatio
their ecological significance has been quite va
(Whittaker, 1956; Margalef, 1979). Most traditiona
methods for analyzing ecological data have con
trated on comparisons between homogeneous
rather than on the boundaries between them (Cornelius
and Reynolds, 1991). In order to detect, characteriz

304-3800/$ – see front matter © 2004 Published by Elsevier B.V.
oi:10.1016/j.ecolmodel.2004.07.008
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and classify boundaries, advance development of im-37

proved numerical methods are needed (Holland, 1988;38

Van der Maarel, 1990). Van der Maarel (1976)related39

that phytosociologists used quantitative methods for40

locating discontinuities in ordered data since 1930s.41

Ludwig and Cornelius (1987)listed the commonly used42

techniques for (1) searching patterns in one variable43

along a one-dimensional transect, e.g., spectral analy-44

sis, correlograms, periodograms (Ludwig and Goodall,45

1978; Legendre and Legendre, 1998); (2) predicting,46

smoothing, or interpolating patterns of one variable47

across a two-dimensional grid, e.g., smoothing splines,48

kriging (Souissi et al., 2001); and (3) classifying com-49

munity data that repeat due to multivariate sampling50

along random transects, e.g., cluster analysis, associa-51

tion analysis (Legendre and Legendre, 1998; Hamadou52

et al., 2001).53

Analyses of ecological datasets in general and on54

marine systems especially, usually focus on the homo-55

geneous communities that are presumed to occur in the56

study area (Int Panis and Verheyen, 1995). In order to57

identify and isolate their boundaries, researchers have58

used classification analysis or ordination technique to59

recognize different communities within the sampled60

area. Advances in marine exploration techniques are61

leading to an increasing number of data series and fre-62

quency acquisition, which calls for improved data anal-63

ysis methods.64

In ocean systems, the vertical speed of currents65

and the mixing of layers are of limited importance66
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procedure determines the numbers of resulting clus-85

ters within the ordered data. The use of a high number86

of Walsh functions allows a high resolution on pick-87

ing boundaries, even when large clusters are desired a88

limited number of Walsh functions are used. A major89

problem encountered with the use of the Walsh trans-90

form procedure is that the resulting clusters present the91

same number of observation and so the same length.92

To circumvent this limitation, we used a nonparamet-93

ric statistical method that combined successive clusters94

from a Walsh version. 95

This algorithm resulting from this method was ap-96

plied to four particulate matter profiles collected from97

0 to 500 m with a special video system at a single98

site in the Northeast Atlantic during the cruise Pro-99

gramme d’Oćeanographie Multidisciplinairèa Méso- 100

Echelle (POMME3). 101

The objectives of this study included: (1) identifica-102

tion of the boundaries between homogenous successive103

water columns; (2) dynamics of these water columns104

during the 2-day sampling period; (3) the development105

of a tool for a prospective analysis with multiple bio-106

geochemical parameters measured under the same con-107

ditions. 108

This paper describes a mathematical approach to de-109

tect discontinuities in the water column. The obtained110

results are a partition of each profile into successive111

water layers regarding their particulate matter abun-112

dances. 113

The advantage and possible applications of the114
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ith respect to horizontal dynamics. High disco
uity events are then encountered along a ver

ransect on ocean water columns. These stratifica
nd boundaries between homogeneous masses o

er are, in spite of their importance, often undete
nd no appropriate numerical analysis exists to re

hem.
To overcome these shortfalls, a method using

et of Walsh functions (Walsh, 1923) has been deve
ped, which enhances transitions in signal level
ombines information from several profiles in sele
ng a set of boundaries or clusters. The Walsh funct
re a set of rectangular waveforms that have dis

ransitions and assume only the values +1 and−1 on
he interval [0, 1] (Lanning and Johnson, 1983). De-
omposition of the original data series by the Wa
unctions returns a stepped version of the original
al. The number of Walsh functions used in this fi
E
D
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ethod are discussed.

. Materials and methods

.1. Study areas and data acquisition

Using the Underwater Video Profiler (UV
Gorsky et al., 1992; Stemmann et al., 2000) profiles
ere performed during the POMME cruise betw
ebruary and October 2001 in the Northeast Atla

Fig. 1). The UVP is a waterproof, vertically deploy
ulti-instrument array for in situ image and enviro
ental data acquisition and of a system allowing
nalysis of images and the treatment of data (Gorsky
t al., 2000). The lowering speed of the UVP is 1 m

he maximum depth is 1000 m and the acquisition
uency is 12 images per second.
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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 matter129

(LPM larger than 0.1 mm) were then extracted from130

numerical video sequences (Echevarria et al., 2002;131

Stemmann et al., 2002). In this study, application is132

made on the number of particle profiles. The number133

of LPM is computed in each image of the profile record.134

Then the median of each 4 m (48 images) is com-135

puted to avoid high resolution and noisy signal errors136

(Fig. 2). 137

In this paper, the case study will be limited to138

four profiles performed for a single site, throughout139

2 days in September 2001. The 0–500 m sampled wa-140

ter column is situated in the center of an anticyclonic141

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 analysis143

Typically and due to the high frequency of data ac-144

quisition using the UVP, the original dataset presents a145

large variance comparing to the mean signal (Fig. 2).146

Nevertheless, some parts of the profile are quite uni-147

form and can be considered to be unvarying. These148

terms urge to decompose the dataset to an equivalent149

less “noisy” dataset formed by successive blocks or150

clusters. Each cluster can then be interpreted separately151

towards the environmental settings. Variations between152

clusters are then the result of the variation in these hy-153

drologic and hydrodynamic conditions. This clustering154

must be sequential, involving the use of constrained sta-155

tistical methods because of the necessity to gather only156

successive observations. 157

A method using the set of Walsh functions has been158

developed; analogous to the Fourier transform analysis,159

the Walsh transform performs a spectral decomposition160

(Morettin, 1974). In this way, the ordered data series161

can be represented by a set of component functions162

permitting the reproduction of the original data. When163

suitably used, the Walsh transform generates smoothed164

series arranged in steps but also provides the informa-165
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Fig. 3. Organogram presenting the different steps of the numerical
analysis.

tion and variance quantity, eliminated by the smoothing166

procedure.Fig. 3presents the different steps to perform167

the Walsh transform.168

4. Walsh functions169

The Walsh functions form an orthogonal and square-170

wave set of functions originally presented byWalsh171

(1923). The sets of functions are a set of rectangular172

waveforms, which assume only the values +1 and−1.173

There are several method used to generate the subset o174

Walsh functions, recursive relation, from Rademacher175

function Rademacher (1922), through the Hadamard176

matrix, etc., the method used in this assignment is the177

discrete version given in a compact form byBrown178

(1977)andSen (1982)as,179

WAL(0, t) = 1 for t = 1, 2, . . . , T,180

WAL(1, t) =
{

1 for t = 1, 2, . . . , 1
2T

−1 for t = ( 1
2T ) + 1, ( 1

2T ) + 2, . . . , T,
W181

whereT depicts the total number of orthogonal func-182

tions in the set; and [n/2] is the integer part of the argu-183

ment,n indicates which functions of all the set we are184

referring to, it is its index or sequence number andt is185

the time duration of the signal.Fig. 4 shows the first 186

eight Walsh functions. Even numbered Walsh functions187

are symmetric and odd numbered ones are antisymmet-188

ric with respect to the interval mid-point (seeFig. 4). 189

This is analogous to the relationship of the trigonomet-190

ric cosine and sine functions (Lanning and Johnson, 191

1983). Otherwise, a general property enables a sym-192

metry relationship as, 193

WAL( i, j) = WAL(j, i) (2) 194

WAL(n, t) = WAL( t, n) (3) 195

The practical importance of this is that the Walsh196

transforms and their inverse represent the same math-197

ematical operation (Sen, 1982). 198

5. Spectral decomposition 199

The concept of spectral decomposition is that any200

data series can be represented by a set of component201

functions, when combined, recovers the original data202

(Lanning and Johnson, 1983). The goal is to find the 203

magnitude and sign of the weights of these components.204

These weights depend on the nature of the data and the205

characteristics of functions used in decomposition. In206

order to represent a continuous limited seriesXi (i = 1, 207

2, . . ., N) completely by the Walsh functions, it is nec-208

essary that the number of data points in the series be209

equal to the minimum sequence order,N. A necessary 210
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f

AL(n, t) = WAL([ 1
2n], 2t) · WAL(n − 2[1

2n], t) (1)

equirement for a successful application of Walsh fu
ions is thatN = 2q, whereq is any convenient positiv
nteger power satisfying the precedent property. S
he Walsh function forms a basis this implies that ex
representation of the series of the form:

i =
N∑

j=0

Cj · WAL(j, i) (4)

here the coefficientsCj are given as a result of t
alsh transform:

j = 1

N

N∑
j=0

Xj · WAL(j, i) (5)
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Fig. 4. Walsh functions forN = 8. Each function assumes only the values +1 or−1 with discrete transitions between the two.

The coefficientsCj are to be chosen in a way to mini-220

mize the mean-square approximation error (Sen, 1982).221

For ordered data and especially in time series analyses,222

the Walsh functions are capable of depicting the peri-223

odic component with minimum effort of computation224

and great accuracy.225

As previously suggested the number of Walsh func-226

tionsN must be a power of 2, but the choice remains227

arbitrary in the literature. Points worthy of notice are228

that the number of Walsh functions will be the same229

than the number of blocks issued from the Walsh trans-230

form. This fact involves the possibility to change the231

number of used Walsh functions to reveal either macro-232

scale or micro-scale changes throughout the data233

series.234

To make the selection of this number objective, a se-235

quential multiple regression adapted from the stepwise236

multiple regression (Legendre and Legendre, 1998;237

Hakanson and Boulion, 2002) is used. First theR2-238

like coefficient is computed for the multiple regression239

between the original data series and the independent240

(and uncorrelated) variables being each set of Walsh241

functions computed forN = 4, 8, 16, 32, 64, etc.242

Then an estimator presented bySaporta (1990)and 243

modified here to give more weight to choices with less244

Walsh functions is computed: 245

σ̂2 = n

n − k − 1
(1 − R2)s2

y 246

The modified criterion is:
247

σ̂2 =
(

n

n − k − 1

)3/2

(1 − R2)s2
y 248

This modification is retained following an analysis249

of sensibility. 250

The choice of the number of Walsh functionsN is ad- 251

mitted for the one that minimize thêσ2criterion (Fig. 5). 252

This selection procedure and the stepwise one dif-253

fer from one another in that there is no test made be-254

tween additions of new explanatory series (Walsh func-255

tions). In that way, new Walsh functions are added256

in each loop of the sequential multiple regression to257

the pre-existing dataset with respect to their original258

position in the entire set of Walsh functions. In each259

step, not only the following Walsh function is added260

but also the entire subset of Walsh functions needed261
U
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Fig. 5. Growth of theR2 andσ̂2 statistics depending on adding new Walsh functions. The suitable number of Walsh function is picked for the
minimum Saporta criterion̂σ2 value.

to reach the following power of 2 (N = 2q) as num-262

ber of total Walsh functions used for the multiple263

regression.264

6. Smoothing the Walsh versions265

At this stage, the Walsh version consists inN parts266

resulting from the decomposition of the original data267

series. The level’s gaps between successive blocks or268

clusters are more or less important. Regarding the269

noisy nature of the data series and the high level of270

acquisition frequency, an additional smoothing is ap-271

plied. Consisting in merging clusters presenting non-272

significant differences, a Kolmogorov–Smirnov test273

is used to test the significance of the difference be-274

tween the successive magnitudes of the Walsh ver-275

sion (Siegel, 1956; Legendre and Legendre, 1998).276

To compute this test a contrast function is exploited.277

This contrast function consists of the alternation of278

the observed maximum magnitude followed by the279

observed minimum one, then continued by the sec-280

ond maximum value and the second minimum one281

and so on; from this contrast function, the successive282

differences are computed. These differences present283

the maximum disparity that can be observed be-284

tween the whole levels considered from the Walsh285

version; an explanatory model is presented in the286

(Fig. 6). 287

The nonparametric Kolmogorov–Smirnov test is288

computed between the observed difference series (6-C)289

and the hypothetical difference series (6-D) to deter-290

mine if these independent random series can be assim-291

ilated to be drawn from the same underlying sampling.292

The Kolmogorov–Smirnov test, to be a nonparamet-293

ric random (signed-ranks free) test, does not take into294

account the ranks of the two tested series values, this295

fact allows to test unsorted series vectors to identify if296

the empirical distribution functions from these sample297

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 hypothesisH0 that the two series are298

analogous is rejected then the two clusters separated299

by the minimum gap, are merged together and the300

Kolmogorov–Smirnov test is computed one more time301

between the new observed difference series and the302

new theoretical one. The amalgamation of the succes-303

F
(

sive clusters presenting low differences stops when hy-304

pothesisH0 that there is no difference between the305

two series is retained. The hypothesisH0 is retained 306

when the threshold value of the Kolmogorov–Smirnov307

test is reached at levelα = 0.05.Fig. 7A presents the 308

Kolmogorov–Smirnov test probabilities values func-

U

N
C

O
R

R
E

C

ig. 7. (A) Kolomogorov–Smirnov test probabilities function of the am
B) Stages from the original signal to the final smoothed Walsh versio
E
D

ECOMOD 3773 1–14

algamation level. Suitable level is picked when probability reaches 0.05.
n. Scales are normalized to 1.
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Fig. 8. Walsh functions for the same signal atN = 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 0.05309

suggests the number of the amalgamation level to be310

reached,Fig. 7B presents the final resulting smooth-311

ing of the original Walsh version. This smoothing al-312

lows the amalgamation of two successive levels on the313

Walsh version until obtaining a well contrasted Walsh314

version.315

7. A case study316

The discontinuities picking procedure is used for317

a UVP data series recorded in the Atlantic Ocean in318

which several discontinuities could be found. Due to319

numerical constraints, only the first 128 (N = 27) mea-320

sures were retained, this corresponds to a depth of321

480 m.Fig. 8 presents the Walsh versions for differ-322

ent numbers of Walsh functions applied to the same323

original data series. It can be seen that in the Walsh324

versions the step width is a constant throughout the du-325

ration of the signal and their number is equal to the326

considered number of Walsh functions. As specified327

previously, a sequential multiple regression is applied328

to recognize the suitable number of Walsh functions to329

be used.Fig. 5 presents the evolution of theR2 value 330

as a function of the number of used Walsh functions,331

the suitable number is 32 functions according to theσ̂2
332

criterion. 333

The Kolmogorov–Smirnov test is then used to deter-334

mine, which of the different preformed clusters will be335
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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 together.Fig. 7B presents the final amalgama-336

tion to be considered revealing the different homoge-337

nous water layers to be considered in the ecological338

analysis of the data.339

This whole procedure is repeated for three ad-340

ditional profiles recorded with the first one in the341

same site during 2 days. The results illustrated in342

(Fig. 9) present the different clustering and the fi-343

nal Walsh version made for each of the profiles344

considered.345

Considering the continuity of the ocean water prop-346

erties and the relative smallness of the time intervals be-347

tween profiles (4–12 h), a homogenous stratification of348

the water column at almost permanent depths is demon-349

strated suggesting a relative homogeneity of the water350

columns during the sampling time in terms of relative351

abundance of particles.

8. Discussion 352

The main purpose of this paper was to develop an353

algorithm to classify ordered observations in the ma-354

rine ecosystems. Methods used for smoothing such as355

the running means and the running medians are liable356

to perform a clustering, but the choice of the width of357

the smoothing-window remains arbitrary. Constrained358

or conditional classification techniques maintaining the359

order of samples in the formation of clusters (Gordon, 360

1973; Legendre et al., 1985) as well as association anal-361

ysis with contiguity constraint (Williams and Lambert, 362

1959; Legendre and Legendre, 1998; Hamadou et al.,363

2001) can also be used when the final number of clus-364

ters is specific or predetermined. Another method used365

in finding discontinuities in time series is the split mov-366

ing window (SMW), originally described byWhittaker 367
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(1960). The SMW-method is a quantitative method by368

which relative discontinuities might be objectively re-369

vealed from multivariate ordered data (Cornelius and370

Reynolds, 1991). The method compare distances com-371

puted between the two halves of all sequential win-372

dows of specific sizes. This technique is in current use373

in geophysics for identifying soil-boundaries (Webster,374

1973), in separating vegetation zones (Wierenga et al.,375

1987) and is also used for boundary detection in data se-376

ries from benthic communities (Int Panis and Verheyen,377

1995). But this technique seems to be mostly adapted378

to multivariate series and presents limitations in de-379

limiting homogeneous clusters for univariate datasets,380

such as the use of statistical means for the com-381

putation of dissimilarity between the two halves of382

the window (Ludwig and Cornelius, 1987). Momen383

et al. (1996)used cluster analysis to detect both step384

(abrupt) and monotonic (gradual) changes in time and385

space patterns. TheD2 to the centre method (Ibanez,386

1981) is also inadequate because it allows us to de-387

tect one-off discontinuities in a multivariate record388

but does not allow us to find successive homogeneous389

periods.390

The Walsh transform has been presented as an ap-391

propriate tool for use in the analysis of ordered data392

clustering.Stoffer (1991)presents the statistical ap-393

plications of this transform comparing to the Fourier394

one; the method is then presented as suitable to handle395

discrete or categorical-valued series and to recognize396

sharp discontinuities.397
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To illustrate this detection analysis of clusters418

into ordered data, profiles of particulate matter abun-419

dances were used. First, Walsh functions are gener-420

ated to compute a spectral decomposition on data se-421

ries. Then a smoothing method performs an amalga-422

mation of the resulting clusters to obtain an infor-423

mative decomposition. This amalgamation is stopped424

when a statistical threshold is reached (according to425

the Kolmogorov–Smirnov test). The resulting classi-426

fication suggests a stratification of the water column427

(0–500 m) into six layers. This result is reached for428

the four data series used for the method illustration.429

High number of significant discontinuities is observed430

on the upper layers of the water column due to almost431

certainly to a homogenization at deeper depths cou-432

pled to a relative stratification on the surface. Treating433

time ranged profiles from the same location permits the434

recognition of homogenous mass of water permanently435

distributed according to their depth position and their436

identified LPM abundances. The detection of disconti-437

nuities at the same depth for time-scale dependent data438

series suggests that the Walsh analysis is appropriate439

for such data series. 440

Another advantage in using Walsh analysis is the441

switch between small clusters to large ones allowing442

different space-scale interpretations. First interpreta-443

tions can be made according to unsmoothed Walsh ver-444

sion allowing the recognition of small distribution on445
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ave functions. If measurements made on syst
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ng Fourier techniques then Walsh analysis is m
ppropriate for data taken from systems that h
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o another (Lanning and Johnson, 1983). This fact
resents an important issue for using Walsh an
is on marine data series resulting in the irreg
arine structure due to multiple causes (e.g., s
er stratification, atmosphere interactions, coasta

ution, complex hydrodynamics, etc.). Such a p
ibility is encouraged by the lecture ofBrillinger
1981) who gives an application of the Walsh tra
orm for the Nile River Discharge data series a
orettin (1981) who provides an excellent revie
E
D
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articulate matters. During the smoothing proced
ne can also make use of intermediate clustering
cological interpretation.

AnalyzingFig. 9, considering the continuity of th
cean water properties and the relative smallness o

ime intervals between profiles (4–12 h), a homogen
tratification of the water column at almost perman
epths is demonstrated suggesting a relative ho
eneity of the water columns during the sampling t

n terms of relative abundance of particles. This poin
ote corresponds appropriately to the assumption

he central water column in an anticyclonic gyre sh
stable stratification maintained almost certainly
halocline (Semtner, 1976; Rougerie and Ranc

994). Beyond this large connotation a small va
ion is detected between successive diurnal profile
arger distribution of large particles can be identifi
s a fine diel migration of zooplankton in night-tim
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searching more food supplies. In fact, many species464

migrate from day-time depths below 200 m up to the465

surface at night where they feed on the phytoplank-466

ton. There has been little modelling of this migration467

(Wroblewski, 1982; Andersen and Nival, 1991; Steele468

and Henderson, 1998).469

In general, the ecological patterns of these layers470

can be identified when coupled to other biogeochemical471

distributions recorded for the same site and in the same472

condition.473

In summary, this paper proposes a method for de-474

tecting discontinuities within an ordered data series475

coupled with nonparametric methods for determining476

the statistical significance of scale-dependent discon-477

tinuities. The Walsh analysis successfully decomposes478

a given data series into linear and simple components.479

Their mathematical manipulations are based on sim-480

ple addition and/or subtraction. A full set of Walsh481

functions is the most suitable transformation for repre-482

senting the sudden changes in vertical distribution of483

marine snow. The use of Walsh analysis according to484

other parameters in oceanography will certainly give485

enhanced appreciation of its concordance with marine486

ecology data series.487
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