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Abstract

This work presents the optimized selection of a subset of sediment monitoring sampling stations,
based on a long campaign and data on contamination evaluation. This network will be used as a long-
monitoring program to be integrated in an environmental and data management system for the Sado
Estuary. Thirty stations were chosen to monitor homogenous areas which are the basis of the
management tool. Although this monitoring program leads to an estimation mean squared error of
0.542 (mg.g'l)z, it has a cost and technical benefit and it is assured that all the areas are sampled,
including the stations with higher variability and contamination.

Introdu ction

Estuarine areas are usually highly populated and industrialized, which result in important pressures on
the environment. These pressures may inflict severe negative environmental impacts if not carefully
managed. It is then necessary to manage them in an integrated perspective, considering among other
things the impact of activities discharging effluents into the estuary. The environmental management
of these ecosystems cannot be conducted effectively without reliable information about changes in the
environment and on the causes of those changes. Ecological monitoring programs represent an
important source of that information. Monitoring should be planned in order to provide quantitative
assessments of pollutants’ complex effects. In particular this monitoring should be carefully designed
in estuaries due to their high productivity and complex spatial variability and processes. Sampling
designs that provide statistically unbiased estimates of the status, trends, and relationships, are then
crucial.

The team has been working on the development of an environmental data management system
through sediment quality assessment for the Sado Estuary (EMSado) in the south of Portugal. In this
management system the spatial and temporal data are integrated in a Geographical Information
System, based in the DPSIR Model (Caeiro et al., 2002).

The aim of this work is to select a subset of sediment monitoring sampling stations, based on a long
campaign and data on contamination evaluation. This network will be the base of a long-monitoring
program to be integrated in the EMSado. This article follows two others where prior phases in the
selection of the best location of monitoring stations for sediment quality were studied (Caeiro et al.,
2003 and Caeiro et al., in press a).

Method s

Previous work

Within the management system 19 spatially contiguous regions (homogeneous areas) were
delineated using a multivariate geostatistical analysis on sediment granulometry, organic mater
content and redox potential (cluster analysis of dissimilarity matrix function of geographical separation
followed by indicator kriging of the cluster data) from an extensive stratified random sampling
campaign (153 stations) (Caeiro et al. 2003). The homogenous areas are the management units of the
EMSado. To avoid information redundancy as well as due to budget constraints, a smaller subset of
the most representative stations was selected for contamination assessment according to the organic
matter content (four groups). A monitoring network with 77 stations was obtained (Caeiro et al., in



press b). The resulting network was overlaid on the sediment management areas previously defined
using ArcGIS 8.1 GIS software (Figure 1).
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Figure 1. Sado Estuary sediment sampling design overlaid on the sediment management areas
(Adapted from Caeiro et al., in press b).

All 77 samples were analyzed for heavy metals Cd, Cr, Cu, Hg, Pb, As and Zn. With this new
information in hand the next optimization step was to select the subset of stations (out of the 77) that
best represent the sediment quality and so are best suited for a long term monitoring network. The
number of stations in the subset was still to be determined. This optimization problem is a very difficult
one because of the large number of possible combinations which cannot be all tried within a
reasonable amount of time. Special algorithms are necessary to search for very good solutions in
technically and economically times in such high dimensional combinatorial spaces. One of the
algorithms that have been used with very good results is the simulated annealing algorithm
(Kirkpatrick et al., 1983; Cerny, 1985). It was also applied to monitoring network optimization by
Pardo-lguzquiza (1998) and Nunes et al. (2003).

Special constraints

The new subset of stations, which will be denoted set S’, must reflect the sediment physical and
chemical variability and spatial distribution detected during the sampling campaign, and contained in
the original set of 77 stations (set S). Therefore the following two constraints were imposed:

i) the proportions of monitoring stations in the organic matter groups in set S’ must be
similar to the proportions in the original set, S;
ii) the proportions of an ecological risk index categories in set S’ must be similar to the

proportions in set S.

The main aim of the first constraint is to ensure the monitoring in all organic matter groups, therefore
keeping the constraint used in previous works. Their calculations will be explained further in this text.

For the second constraint, the heavy metals data were summarized in an index of ecological risk — the
mean Sediment Quality Guidelines-quotient (SQG-Q). This index works as a central tendency
indicator of adverse biological effects due to mixture of chemicals in different concentrations. The use
of this type of numerical SQG provide source of candidate chemical targets for assessing sediment
chemical data (MacDonald et al. 2000) and are very useful for a first screening of sediment
contamination (Long and MacDonald, 1998, Chapman and Wang 2001). Mean SQG-quotient was
calculated for each sampling station a, using the following equations (Long and MacDonald, 1998):
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PEL-Q - Probable effect level quotient

C- Heavy metal concentration in each sampling station
PEL - Probable effect level of each heavy metal.

n — number of contaminants used.

PEL is the concentration above which adverse effects frequently occur and was first calculated for the
State of Florida (MacDonald et al., 1996) (Table 1). Their reliability and predictive ability indicate they
can be used effectively to assess the quality of coastal sediments (Long and MacDonald, 1998).

Table 1. Probable Effect Level for the heavy metals analyzed in this study (MacDonald et al., 1996).

Cd Pb Zn Cu As Cr Hg
4.21 112 271 108 41.6 160 0.7

PEL
(M9.97)

According to (MacDonald et al. 2000) each sampling station can be assigned to one of the following
impact level categories:

Category 1: SQG-Q 0.1 unimpacted — lowest potential for observing adverse biological effects;
Category 2: 0.1< SQG-Q <1 impact — moderate potential for observing adverse biological effects;
Category 3: SQG-Q 1 highly impacted — potential for observing adverse biological effects.

Both constraints are easily included in the optimization algorithm, but also make the search for new
solutions more time consuming because more solutions have to be tested for compliance with the
restrictions. Unfortunately there is no way to test a priori if a solution fulfills the constraints and it is
faster to include it in the algorithm.

Optimization model

Variance-based methods, also known as variance reduction methods, consider that the uncertainty
associated with a given monitoring network may be determined by the variance of the estimation error
obtained by kriging. A given spatial distribution of stations has an uncertainty that depends on the
particular locations. If one station is removed or another one is added, the accuracy will usually
decrease in the first case and increase in the second. Also, if the number of stations is kept constant,
and only their locations are altered, accuracy will change. Mean squared estimation error is therefore
used in the objective function.

The set of stations that produce the lowest mean squared estimation error result in a spatial
distribution with the highest accuracy. The objective function considers a set, S, of all the original

stations, with cardinality W and take a subset, S', with cardinality W, such that W<U.
Minimize:
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Constraints i) and ii)

sﬁ is the mean squared estimation error, a indicates the station, and i(x,) is an integer variable which

takes four values, corresponding to four organic matter contents groups: 1 for high organic load, 2 for
medium high, 3 for medium, and 4 for low organic load (Caeiro et al., 2003), i(x;) has the same
meaning as i(x,) but represents the estimated value, and x, the location of station a.

Number of stations in the subset

There is still the need to define the number of stations in the new subset, S'. For such it was
necessary to establish the maximum relative error when estimating the mean concentration with the
new subset, that is the new monitoring network will have an assumed error which is lower or equal to r

percent of the true mean with a given probability, g The equation for the number of stations, W, is then
given by (Cochran, 1977):
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where tyis the Student t statistical distribution value, m is the sample mean, and s its standard
deviation.

The number of stations in each sediment homogeneous area should be selected such that it is higher
where the variance is higher, and lower where it is lower. This is common procedure called
stratification which helps allocating more stations where they are most needed, while ensuring that a

given total number of stations, W, is not exceeded. The equation for proportional allocation can also be
found in Cochran (1977):

W =W ©)

where s, is the standard deviation in each homogeneous area (stratum), W, is the fraction of stations in
the original set that were sampled in each homogeneous area |.

The proportional allocation w for each homogeneous area will them be used for constraint i).

Optimization algorithm

Simulated Annealing (SA) algorithm with the Metropolis iterative improvement procedure (Metropolis
et al., 1953) was then used to solve the optimization model. This procedure generalizes 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 T is usually
termed temperature); the change in the objective function is DOF; if DOF £ 0, then the change in the
system is accepted and the new configuration is used as the starting point in the next step; if DOF >0
then the probability that the change is accepted is determined by P(DOF) = exp(-DOF/T); 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(DOF) 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. More detailed description of the algorithm may be found in
any combinatorial optimization textbook. The objective function is in this case given by equation (3).

The algorithm includes the constraints i) and ii) but considers a slack by introducing an interval within
which the constraints are still accepted. For instance in the case of constraint i) if the proportion is 0.3



and a tolerance of 20% is considered, then the proportion can vary between 0.24 and 0.36. This is a
necessary step to allow the search escape from sub-optimal solutions.

The algorithm was implemented in a specific computer code: program OPTIVAR (Nunes et al., 2003).

Cost analysis

A complementary analysis of exploration costs of sediment quality assessment was also performed. A
cost per sample was computed based on the previous sampling campaign and laboratory analysis
costs (adapted from official costs of the laboratories in Portugal ControLab, Ida. and Instituto do
Ambiente): i) linear distance between n sampling point: n/study area (56 kmz); ii) boat velocity: 12,8
km?; iii) hour of work per day: 5 h/day; iv) time for sampling: 40 min; v) Boat cost per day: 260 Euros;
vi) Cost per total analysis: contaminant + 612.25 Euros; toxicology + 1050 (only in stations with Fine
Fraction contents higher then 95 %); Benthos structure analysis + 450 eu; parameters of general
sediment characterization: 85 eu (discount: 25 % from 20 to 50 stations, 30 % from 55 to 77 stations).

Results and discussion

Number of stations in the subset

The number of stations w in the new design (subset S') was calculated with equations (4) and (5),
considering Cadmium concentrations as the variable. Cadmium was chosen since it was the heavy
metal with the highest number of stations exceeding the contaminant thresholds and higher variability
(according to the Portuguese Law on heavy metals in dredged sediment + DR, 1995). The mean
cadmium concentration value of all stations was m=1.982 pgg'1 and the standard deviation s=1.93
Hgg™. Thus with a tr01=1.295 and r in between r=0.15 and r=0.2 (that is accepting an error when
estimating the mean between 15% and 20%), the number of stations ranges from 26 to 37. An

intermediate value of W =30 was chosen by including budgetary constraints too.

The exploitation costs analysis (Figure 2) showed that costs are always increasing since the cost of
sediment quality assessment analyses has a high weight in the total cost. Thirty is a good number for
this monitoring program since: i) each of the 19 management areas could be sampled at least at one
location or two in case of larger areas, ii) the cost is 60% lower than for the initial sampling campaign
(77 stations); iii) the budget limit is respected.
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Figure 2. Cost versus number of monitoring stations.
Table 2 shows the standard deviation values and the number of stations (total number and proportion
computed according to equation (5)) for each organic matter group. These values, ww; i=1,...4, were
used as constraints i) in the optimization procedure described above.

Table 2. Standard deviation, samples per organic matter group and ww; i=1,...4 (considering n=30).



1 2 3 4
S 1.997 1.448 0.401 0.335
W 12 24 22 19
wow (W=30) 0.324 0.470 0.120 0.086

Constraint i) differs from constraint ii) in that the first forces the algorithm to find solutions that
reproduce proportions of stations according to their organic matter content, while in the second the
variable is the SQG-Q index. The proportions of categories 1, 2 and 3 of the SQG-Q index obtained in
the 77 stations were: 1) 0.298; 2) 0.676 and 3) 0.026. For both constraints, a tolerance ranging from
30 to 40% was used.

Optimization results

Several runs were first performed using a monitoring network of 30 stations. Results showed that
some constraints were not exactly met, e.g., ecological risk index category 3 was not always present
in the solution (only 2 stations belong to that category), as well as some homogenous areas were not
sampled. Figure 3 indicates that with U =30 stations not all the homogenous areas are sampled (three
areas are not sampled) if no additional constraint is imposed. There was a high tendency not to locate
stations in the areas belonging to the groups low organic load (4) and medium organic load (3). Since
these groups have lower variance, a smaller proportion of stations are required in the program (see
table 2). Even with n=35 to 45 the solutions have at least one area that is not sampled. Although such
fluctuations might be caused by the use of a tolerance, this could not be reduced because the search
would get easily trapped in sub-optimal solutions. Without sampling those areas, it is not possible to
assess and monitor their sediment quality and further define management actions. An alternative two-
step approach was then implemented: i) a solution with 27 stations was searched; ii) this solution was
set as additional constraint and tree new stations were added by the program after searching in the
unsampled areas (those homogeneous areas belonging to organic matter content gropus 3 and 4.)
The results are depicted in Figure 4.
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Figure 3. 30 stations monitoring network without additional constraints.



Figure 4. Final monitoring network and scores of the ecological risk index.

This monitoring program represents an estimation error variance of 0.542 (n’g.g'l)2 , but a network with
more stations would be too time and cost consuming for a long monitoring program. Nevertheless
these 30 stations guarantee that all the areas are sampled and that the areas with higher variability
and contamination are sampled more densely.

This monitoring network will be used to quantify and integrate the other two components essential to
evaluate the sediment quality in each management area: toxicity and assessments of resident benthic
community alteration (Chapman, 1996). The sediment quality assessment will then be integrated in
the GIS with the social and economical pressures for the management delineation. It will also be used
for future long monitoring of the management areas for measuring the general state of the
environment and to ensure that environmental components is not altered by the human activity
beyond a specific standard or regulation level.
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