354 J. Matew and P, Juan

in the paper, but we have only analyzed a limited number of possible
scenarios, and ideally we should take into account much more possibilities,
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Abstract: Monitoring estuarine programs are fundamental to evaluate pollution
abatement actions, fulfillment of environmental quality standards and
compliance with permit conditions. Their sampling designs should provide
statistically unbiased estimates of the status and trends with quantitative
confidence limits on spatial scale. The aim of this work is to select a subset of
monitoring sampling stations based on locations from an extensive sediment
campaign (153 sites) in the Sado estvary (Portugal). In cach location three
sediment parameters were determined with the objective of defining spatially
homogenous environmental areas. The new monitoring program is based on
fewer and on the most representative monitoring stations inside each
homogencous environmental area for their future contaminant assessment.
Simulated annealing was used to iteratively improve on the mean square error
of estimation, by removing one station at a time and estimating it by indicator
kriging using the remaining stations in the sub-sct, within a controlled non-
exhaustive looping scheme. Different sub-set cardinalities were tested in order
to determine the optimal cost-benefit relationship between the number of
stations and monitoring costs. The model results indicate a 60 station design to
be optimal, but 17 additional stations were added based on expert criteria of
proximity to point sources and characterization of all homogenous areas.
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1. INTRODUCTION

Estuaries are coastal transitional water bodies with natural resources of
high preservation values, providing important habitats for different species
of organisms. The uses inside the estuary and around it have impacts on the
water and sediment quality that may put at risk the cquilibrium of the
ecosystem. Environmental management of these ecosystems cannot be
conducted effectively without reliable information on changes in the
environment and on the causes of those changes. Ecological monitoring
programs can represent an important source of that information. However
many of the existing programs are not effective. To assure cffectiveness,
monitoring programs should be well designed, to enable the statistical
analysis and interpretation needed to relate cause and effects (Olsen ef al.,
1999 and Vos er al., 2000).

The reliability of the sampling design depends on such a large degree on
the sampling spatial distribution and size that their importance should not be
underestimated (Haining, 1990). One or more of the following principles
could govern the size of the sample (Cochran 1977; Clark and Hosking
1986; Strobel et al., 2000):1) the required sampling size can be found if we
have reasonable estimates of the population variance measured through a
preliminary pilot survey; ii) certain statistical tests require a rcasonable
sample size; although no fixed minimum can be stated, a sample size of at
least 30 is usually employed; ii1) too large sample implies a waste of
resources, and too small diminishes the utility of the results; iv) finance and
time may dictate a certain maximum sample size.

In ecosystems like estuaries the spatial variability of key ccological
indicators could be a measure to determine the appropriate monitoring
sampling design (Strobel ez al., 2000).

The kriging interpolation is very useful to minimise the estimation
variance for any fixed sampling design. The plot of the maximum value of
the minimised estimation variance against sampling interval, or sample size,
can be used to select sample size to achieve a required level of precision
(Haining, 1990). For operational, economic or political reasons sometimes
sampling sites for monitoring must be reduced and resource allocation
optimized (Cochran, 1977). Optimal sampling scheme can then be designed
by deleting sites from a current network so as to minimize the variance of
estimation error, which means deleting the site that can be predicted best
from the remaining sites (Cressie, 1993). Clever search algorithms like

()p/imi:alion of an estuarine monitoring program 357

simulated annealing can then help designing the best sampling scheme.
Difficulties usually arise in finding an optimal sampling plan and optimal
kriging weights. Sampling plans can be important factors when looking for
optimal spatial designs. Using the mean-squared prediction error of
predictors, the rate of convergence to zero is faster for stratified random
sampling than random or systematic random sampling designs (Cressie,
1993).

The sampling optimality criteria should not only be statistical but also
cost related or economical (Cochran, 1977, Cressie, 1993, Vos et al, 2000).
Sampling and parameters measurement costs are very important limitations
and should be taken into account in the optimization procedure.

The aim of this work is to select, due to budget constrains, a subset of
monitoring sampling stations from an extensive stratified random campaign
of estuarine sediments. This subset will be used to assess Sado Estuary
sediment contamination in management areas previously delincated, Spatial
simulated annealing was used to optimize the sample locations. These data
will be further integrated in an environmental management system for Sado

Estuary.

2. CASE STUDY

The Sado Estuary, located in the West Coast of Portugal, is the second
largest in Portugal with an area of approximately 24,000 ha. The estuary
comprises the Northern and the Scuthern Channels, partially separated by
intertidal sandbanks. Most of the water exchange is made through the
southern Channel. The estuary is linked to the ocean by a narrow and deep
channel that makes a major contribution to the general pattern of the
estuarine circulation (Neves, 1986). Most of the estuary is classified as a
Nature Reserve. There are many industrics mainly on the northern margin of
the estuary. Furthermore the harbour associated activities and the city of
Sectibal along with the mines on the Sado watershed also releases
contaminants into the estuary. In other areas around the estuary, intensive
farming, mostly rice fields, is the main land use together with traditional
saltpans and increasingly intensive fish farms. Most of these activities have
negative impacts on water, sediment and biotic communities namely because
they discharge to the estuary contaminants like heavy metals, or organic
compounds (Caeiro er af., 2002b).
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3 METHODS

3.1 Sediment Homogenous Areas Delineation

In a first extensive campaign 153 sediment locations were sampled for
analysis of properties of general characterisation: fine fraction (FF), organic
matter (OM), and redox potential (Eh). These key ecological parameters
explain main variations in the type and behaviour of benthic organisms as
well as contaminant mobility/accumulation (Rodrigues and Quintino, 1993).
One method of determining sample size for multiple parameters assessment,
is to specify margin error for the items that are regarded as most vital to the
survey (Cochran, 1977). A systematic unaligned sampling design with a grid
size equal to 0.365 km® was used based on prior information on the spatial
variation of sediment granulometry (Figure 1) (Caeiro et al., 2002a).

This extensive campaign was intended to help defining homogeneous
areas (future management areas) for Sado Estuary within which
contamination would be monitored using smaller sample sets.

Figure 1. Sado Estuary sediment sampling design (Adapted from Caeiro ef al., 2002a).

These homogenous areas were delineated in 5 steps based on grouping
individual sampling sites that have similar physicochemical properties while
being geographically close (Caeiro ef al., submitted): 1)Principal component
(PC) extraction of the 3 sediment properties variability (FF, OM and Eh);
2)Variogram fitting of a spherical model to 1™ PC factor scores;
3)Dissimilarity matrix determination; 4)Cluster analysis using the complete
linkage rule on the dissimilarity. matrix to estimate the probability of
occurrence of four selected clusters at sampled stations; 5)Indicator kriging
to interpolate these probabilities at unsampled stations; 6)Maximum
likelihood classification of these unsampled stations,
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The dissimilarity between any two sampling sites i and j (step 3) was
computed following Oliver and Webster (1989) equation with spherical
model adjustment (Goovaerts, 1997) to take into account the form of spatial
variation. Step 5, started with an indicator coding of classification results (x,)
at each sampled station x,:

lif z(x,)=z2
i(xgr21)= 4 “ ! I=1,...,L (1)
0 otherwise
where L is the number of clusters (four selected). For each cluster z,
experimental indicator variograms are then computed and modelled:

2

N(h)

7(h;z,)= x Z[i(xa;z,)-i(xa +h:ZI)] (2)
a=l

2N(h)

The probability of occurrence of the /-th cluster at the unsampled station
x is estimated as a linear combination of indicator data:

Plxiz1B)=Y Mig2) X ifte 2) 3)

a=/

where B is the set of n, surrounding data {z(u,), &=1,..., n.}. The weights
AXqz) are solutions of an indicator kriging system and account for data
configuration and spatial continuity of clusters as modelled by indicator
variograms. In theory, indicator cokriging estimator is better than the
indicator kriging estimator because it accounts for additional information
available across categories. However, indicator cokriging improves little
over indicator kriging according to Goovaerts (1994).

3.2 Optimization model

The stations that produce the lowest estimation error variance, estimated
using cross-validation technique (Deutsch and Journel, 1998), result in a
spatial distribution with the highest accuracy. The objective function
considers a set, S, of all the original stations, with cardinality Q, and take a
subset, S°, with cardinality o, such that @ <Q.

Minimize
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b I - Y ¢ ? ' »
5 =ZZ;['('Y“":’)_' (xz:2 )]'.(oeS S'cs 4)
Subject to:
Yol Az )= ¥s(Aizy) (5)

s is the mean squared error of estimation and equal to the variance of
the estimation error if zero mean estimation errors are considered (i.e. no
bias). i'(x,zy is the indicator kriging estimated value, s (4,z) and s (4,z)
are the marginal probabilities of finding stations with values in ]z, z] in the
original data set and in the candidate solution, respectively.

The new design S* must reflect the sediment physical and chemical
variability detected with the prior sampling campaign. Therefore we
imposed the constraint that the proportions of monitoring stations in each of
the identified homogencous areas are similar to the proportions in the
original sampling campaign (Table 1). Van Groenigen et al. (2000) also
successfully used sampling constraints in spatial annealing to optimise
sampling scheme. The condition is not equality because, for practical
computation, floating-point variables equality is machine dependent and
varies with the precision. Instead, Y¥5(4,z) may be bounded, and the
constraint becomes:

Vel Aizy J(1=8)SW(Arz )SWs( Az )(1+6) (6)

A conditioning on the objective function with = 0.3 was imposed. This
condition is necessary to correct the bias introduced by variogram models
fitting errors (when adjusting the theoretical models to the experimental
variogram). If no conditioning is used increasing the number of stations will
result in higher estimation error variances. This is due to the fact that at very
low @ only stations with low estimation error in the optimal solution are
included; as @ increases higher estimation error stations are included (Nunes
et al., unpublished).

Simulated Annealing (SA) algorithm with the Metropolis iterative
improvement precedure (Metropolis ef al., 1953) was then used to solve the
optimisation model. This procedure generalises by incorporating controlled
uphill steps (to worse solutions). The procedure states the following:
consider one small random change in the system at a certain temperature (the
control parameters ¢ is usually termed temperature); the change in the
objective function is AOF; if 4A0F <0, then the change in the system is
accepted and the new configuration is used as the starting point in the next
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step; if AOF > 0 then the probability that the change is accepted is
determined by P(AOF) = exp(-40F/y); a random number uniformly
distributed in the interval (0,1) is taken and compared with the former
probability; if this number is lower than P(A0F) then the change is accepted.
The SA algorithm runs in the following way: i) the system is melted at a high
temperature (initial temperature, t,); ii) the temperature is decreased
gradually until the system freezes (no further OF change occurs); iii) at each
iteration the Metropolis procedure is applied; iv) if any of the stopping
criteria is reached the algorithm is stopped and the best solution found is
presented. The generic SA algorithm for a minimisation, considering a
neighbourhood structure N, a current solution X, a best solution found so far
Xiests @ solution space ¥, a a temperature decrease control parameter and an
objective function OF has the following pseudo-code.
Select an initial solution Xy,
Select an initial temperature £,>0;
Select a temperature reduction factor;
Repeat
Repeat
Randomly select Xe MXu.):
AOF = OF(X) - OF (X
IF AOF<0 then
Xm, =X
else
generate random = uniformly in (0,1);
if z < exp(-40F/1) then Xy, = X;
Until iterations = max_iterations
Setr=arn

Until stopping condition = true;

Xy, is the optimal solution found.

In order to speed-up the process several improvements have been
proposed, namely by limiting the number of iterations at each temperature,
i.e., defining the number max_iterations. The dimension of the Markov
chain has been proposed to be a function of the dimension of the problem
(Kirkpatrick er al., 1983): temperature is maintained until 100Q solutions
(iterations), or 10£2 successful solutions have been tested, whichever comes
first. Q stands for the number of variables (stations) in a problem.

A specific computer code in FORTRAN that incorporates both the
estimation error variance and the SA algorithm was developed by (Nunes ef
al., unpublished) to optimise location problems and adapted to this specific
problem. Runs were made on PC Intel 2000 MHz machines.

Fourteen different monitoring network dimensions (cardinality of S w)
were tested, {25,30,35,40,45,50,60,70,80,90,100,1 10,120,130} according to
the following scheme: i) impose a number of monitoring stations () to be
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included in the new design; ii) find the optimal allocation solution with SA;
iii) increase @ and return to i). SA solutions are considered optimal when
more than 70% out of 20 consecutive runs with the same objective function
conditions (@, o) and SA parameters have the lowest and equal s value.

A complementary analysis comparing the loss in accuracy versus
reduction in exploration costs as stations are removed was also performed.
For that purpose a cost per sampling was computed based on the previous
sampling campaign and laboratory analysis costs (official costs of the
laboratory where the analysis are going to be made - ControLab, Ida.): i)
linear distance between n sampling point: n/study area (56 km?); ii) boat
velocity: 12,8 km®; iii) hour of work per day:7 W/day; iv) time for sampling:
20 min; v) Boat cost per day: 250 Euros; vi) Cost per total contaminant
analysis: 500 Euros (discount: 25 % from 20 to 50 stations, 30 % from 55 a
100 stations and 40 % from 105 to 135 stations).

4. RESULTS AND DISCUSSION

Table 1 lists four different physical and chemical homogeneous areas
(clusters) based on the sampling campaign data and results from hierarchical
classification (step 4), and their frequencies in the study area.

For each cluster, the indicator variogram was computed along four
directions and a geometric anisotropic model was fitted (Figure 2).

Table 1 Physical and chemical parameters of cach cluster and their frequency.

Clusters (s)
Sediment High organic Medium high Medium organic  Low organic
Parameter load (z,) organic load (z,)  load (z) load (z,)
OM (%) 86+24 42%14 1.9+07 09+03
FF (%) 60.4 =27 21.7%11.8 9.1+78 15213
Eh (mV) -278.9 % 68.6 -1788£72.6 -137.4 £ 50.9 744 £49
Freq. (%) 11.76 37.91 23.53 26.80

Figure 3 shows the spatial accuracy plotted versus the monitoring
network dimension. Beyond 60, cach new added station had little effect on
the monitoring spatial accuracy (s;’). Sixty is therefore considered as the
optimal @ value. The resulting network was overlaid on the sediment
homogenous areas within the estuary coast line (Caciro ef al., 2002a) using
Arcview/arcinfo 3.2 GIS software (Figure 4a). In cluster one and two (z; and
z;) the estimation errors are higher, therefore leading the optimisation
algorithm to select preferentially the two remaining clusters with lower
estimation errors. These clusters are therefore more densely sampled than in
the original data set, as a way to compensate for the bias introduced. Also
when high or low values of a cluster are grouped in small areas scattered in
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the study area, their relative frequencies are low or data values is too
random, the variogram fitting becomes difficult and prone to error. The
result 1s the fitting of theoretical variograms that only roughly approximate
the real variability and large estimation errors. This does not hinder the
gcostatistical method, but justifies the need to impose reproduction of the
original proportions (Nunes et al., unpublished).

Cluster |
¢ = 0.002; cp=0.117;
¢ 0,073, @pue = 859, G = 769 = 0,123, gy, * 671, 25, = 201
c,= 0,038, a; = 3721
1090 Oirection 110 oot Dirwction 120

R e e e e e e . P

Distance (m) Distance (m)

Cluster 3 Dis Cluster 4

co = 0.068 ——em co = 0.092;

€= 0.130, Gy = 1098, 3, = 1043 1% 0.07, Qs ™ 1520, Gy = 1034

€= 0.04, Qg ™ 2135, G130y = 1772
0

Diewction 129 Dwection 119

Distance (m) Distance (m)

Figure 2. Cluster experimental directional variograms and spherical model fitted for 120° the
major direction of anisotropy. Other directions (not shown) included 30°, 75" and 165°.

Figure 4a) indicates that not all the homogenous areas are sampled in the
optimal scheme solution, in particular areas belonging to clusters with high
organic load (1 and 2), for the reasons explained earlier. Most of these
cluster | and 2 areas are near contaminant point sources, mainly in the North
Channel. Thus 17 stations were added to the optimal @ value according to
expert knowledge aiming to characterize the impact of those point sources
and homogenous areas not included in the optimised network (Fig. 4b).

The number of stations to evaluate comaminatjon in the study area (77
stations/56 km’, corresponding to 1.38 stations/km’) is within the average of
sediment sample size of Environment Monitoring Assessment Program
(EMAP) of United States Environmental Protection Aggncy (USEPA) for
small estuaries. The sample sizes for the different estuaries of EMAP vary
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from 0.11 to 4.16 stations’km® (Strobel ef al., 2000). Such a wide interval
might be related to the spatial variability of sediment parameters in cach
coastal zone, which is caused by differences related to geomorphological,

biological and human pressures.
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Figure 3. Estimation error variance and cost versus number of monitoring stations.
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Groenigen ef al. (2000) used a spatial weight function in spatial simulated
anncaling that allows distinguishing between areas with different
contamination priorities. This could be achieved through Weighted Mean of
Shortest Distance; i.e. the fitness is extended with a location-dependent
weighing function, or/and using probability maps of contamination and
indicator kriging. In particular in our case the weight function should take
into account small areas and distance to contaminant sources.

Figure 4. Monitoring networks a) for @ value = 60 stations; b) with 60 optimal stations
and additional expertise criteria (17) (Location of industries from Araujo ef al. (2002).

5. CONCLUSIONS

Monitoring programs should be planned in order to provide quantitative
llutants’ complex effects on these systems.
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GEOSTATISTICAL ANALYSIS OF THREE
DIMENSIONAL CURRENT PATTERNS IN
COASTAL OCEANOGRAPHY: APPLICATION
TO THE GULF OF LIONS (NW
MEDITERRANEAN SEA)

P. Monestiez', A. Petrenko’, Y. Leredde’ and B. Ongari®
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9, France. ’
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Abstract: Two geostatistical methods are used to map hydrodynamic patterns in the
Gulf of Lions (Mediterrancan Sea). The aims are both methodological ~
mapping vectorial data raises some difficultics ~ and applied ~ sampling
schemes from boat cruise are not convenicent to get maps or to compare with
model output. From a large data set that was obtainced from a shipboard ADCP
(Acoustic Doppler Current Profiler), stationary isotropic geostatistical models
were fitted for several honizontal layers, Vectors of current are characterized
by two components or by intensity and direction. A lincar model of
coregionalization was used on vector components and compared to a second
approach that considers vectors as clements of the complex plane €. Then
interpolated maps were computed by ordinary coknging and by ordinary
kriging in the complex plane for two different depths. Although some
difficultics remain unsolved due to the effect of time in the sampling scheme
or to some constrains (physical equations and limit conditions) that currents
must satisfy, the first results are already satisfactory and allow a better
understanding of spatial patterns than the simple plots of onginal data. The
same data set were also used in parallel for hydrological modelling using a
physical circulation model. Then the complex kriging approach was used to
address the spatial analysis of the residuals, i.c. difference between predicted
and observed current vectors. Residuals were highly structured in space.
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