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Foreword 

While the society becomes everyday more aware of environmental problems, the 

experts have to deal with a major issue: uncertainty due to incomplete data sets 

and spatio-temporal variability. Among the techniques used to quantify this un-

certainty and to improve environmental management, geostatistics is becoming a 

recognized standard, applied in fields as different as hydrogeology, remote sens-

ing, ecology or soil contamination. In recent years, the domain of application of 

these techniques has regularly grown together with the wide availability of Geo-

graphical Information Systems and geostatistical software packages. 

This book is the outcome of the fifth edition of the European Conference on 

Geostatistics for Environmental Applications (geoENV V) held in Neuchâtel 

(Switzerland) from October 13th to October 15th, 2004. The conference attracted 

more than 100 participants, mostly from Europe, but also from North America, 

South America, North Africa, Russia and Australia. Among the 140 abstracts 

submitted to the conference, the organization committee selected 53 for oral pres-

entation and 40 for poster presentation.  

The book reflects the current status of the research in the field of geostatistics 

for environmental applications. It opens with one keynote paper by Carol Gotway-

Crawford, senior researcher at the Center for Disease Control and Prevention, At-

lanta, which emphasizes the problem of the size of the data support when making 

spatial statistics. It is then followed by 38 research papers, classified according to 

their main topics, that describe recent methodological advances and applications. 

All these papers have been presented orally during the conference and accepted by 

the reviewers. The final version of the papers were again checked by the editors. 

Also included in the book is a CDROM containing the original posters and the 

companion poster papers. This material has not been reviewed. 

Finally, the editors wish to thank all the reviewers and the authors without 

whom this book could not exist, as well as the sponsors of the conference: the 

Swiss Federal Statistical Office (http://www.bfs.admin.ch), the Swiss Federal Of-

fice for Water and Geology (http://www.bwg.admin.ch/e/), the Swiss National 

Science Foundation (http://www.snf.ch/), the University of Neuchâtel 

(http://www.unine.ch), the Centre of Hydrogeology of the University of Neuchâtel 

(http://www.unine.ch/chyn), the Banque Cantonale Neuchâteloise 

(http://www.bcn.ch), and the NCCR Plant Survival (http://www.unine.ch/nccr/). 
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Delineation of estuarine management units: 

Evaluation of an automatic procedure 

F. Bação1, S. Caeiro2, M. Painho1, P. Goovaerts3 and M. H. Costa4

1ISEGI/CEGI, Institute for Statistics and Information Management of the New 

University of Lisbon, Portugal, e-mail: bacao@isegi.unl.pt, painho@isegi.unl.pt 
2IMAR/Department of Exact and Technological Sciences of the Portuguese Dis-

tance Learning University, Lisbon, Portugal, e-mail: scaeiro@univ-ab.pt 
3BioMedware, Inc. 516 North State Street, Ann Arbor, USA, 

e-mail: goovaerts@biomedware.com  
4IMAR, Faculty of Science and Technology of the New University of Lisbon, 

Caparica, Portugal, e-mail: mhcosta@fct.unl.pt 

1 Introduction 

A costal zone management (CZM) program should have well defined zones that 

can be managed based on their specific characteristics and needs. Once estab-

lished, these management units constitute the backbone of the whole management 

strategy. The objective of a zoning plan is to delineate smaller areas that can be 

managed in a more flexible way (Cicin-Sain and Knecht 1998). Over the last few 

decades, there has been a move towards developing ways to identifying these units 

(McGlashan and Duck 2002). 

The definition of the transition zone between the ocean and terrestrial environ-

ment, ocean and coastal zones, and zones (or units) within the coastal areas is 

sometimes not an easy task. Physical criteria, political boundaries, administrative 

boundaries, arbitrary distances or selected environmental units can and are often 

used (Clark 1996). 

Most CZM projects use administrative boundaries instead of adopting an eco-

system approach looking at impacts coming from outside the area considered 

(Belfiore 2000). Coastal management units are evolving by becoming more inclu-

sive, relying more on processes than on administrative boundaries and by incorpo-

rating a wider range of expertise in defining relevant areas (McGlashan and Duck 

2002). The correct way to delineate estuarine management units is based on the 

development of robust and ecological representative processes. Eventually, these 

processes can be implemented using automatic procedures capable of providing 

promptly answers to complex problems. The automatic procedure proposed here 

draws inspiration on previous work developed in geographic zone design. In fact, 

the task of developing estuary management units can be viewed as a special case 

of the more general problem of geographical zone design (Martin 2000). Zone de-

sign is a long-standing geographical problem that is present in a number of geo-



430      F. Bação, S. Caeiro, M. Painho, P. Goovaerts and M. H. Costa 

graphical tasks; the best known example probably is electoral districting (Williams 

1995, Macmillan and Pierce 1994). Zone design algorithms have also been used in 

a variety of tasks; such as school districting (Ferland and Guénette 1990), the de-

sign of zones with appropriate characteristics for posterior socio-economic and 

epidemiological analysis (Haining et al. 1994, Openshaw and Rao 1995, Open-

shaw and Alvanides 1999), the design of sales territories (Fleischmann and Para-

schis 1988) and census output geography (Martin 1997, Martin 1998). 

The aim of this paper is to develop an automatic optimization procedure, based 

on genetic algorithms, to delineate sediment estuarine management units, and to 

compare these results with a well-established multivariate geostatistical method. 

Both approaches will be illustrated using the Sado Estuary. The resulting man-

agement units will represent the support infrastructure of an environmental data 

management framework to monitor this ecosystem. 

1.1 Zone design using multivariate geostatistical tools 

Geostatistical techniques like kriging allow estimation of attribute values at un-

sampled locations taking into account the spatial continuity of the data (Soares 

2000). Since kriging is preceded by an analysis of the spatial structure of the data, 

the average spatial variability of the data is already integrated into the estima-

tion/interpolation process (Wackernagel 1995).  

Multivariate methods like principal component analysis, cluster analysis and 

discriminant analysis can be coupled with the different types of kriging (Oliver 

and Webster 1989, Reed et al. 2001, Goovaerts 2002) allowing one to group sam-

pling sites that both have similar properties and are geographically close. With 

these multivariate geostatistical techniques interpolation is improved, small occur-

rences of one kind of land within others of fairly similar kind are disregarded and 

undesirable fragmentation avoided (Goovaerts 1997, Reed et al. 2001). 

For example (MacDonald et al. 2000) developed an ecosystem-based frame-

work for assessing and managing sediment quality conditions in Tampa Bay pre-

viously defined management areas. Those areas were delineated using interpolated 

contour lines based on sediment chemistry data and guidelines of potential adverse 

effects. Picollo et al. (2003) used homogenous units for the coastal zone manage-

ment of the Ligurian region. These subdivisions of the coast corresponded to 

physiographic units (topographic elements). 

1.2 Zone design using genetic algorithms 

The constraints of the zone design problem are similar to the ones that character-

ize the clustering problem. Let the set of initial areal units be X = {x1, x2…, xn},

where xi is the ith areal unit. The number of zones is denoted  k, and Zi is the set of 

all the areal units that belong to zone Zi. Then: 

iZ , for 1,..., ,i k (1) 
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i jZ Z , for ,i j (2) 

1

k

i iZ X (3) 

These constitute the set of constraints that can be applied equally in clustering 

and in zone design. Nevertheless, the typical zone design task usually presents an 

additional constraint, which accounts for contiguity and creates a more complex 

problem (Macmillan and Pierce 1994). We will not address the issue of contiguity 

here, as it is irrelevant in the context of this research. However the automatic pro-

cedure described below guaranties that the zones created will be contiguous. 

To deal with the zone design problem a number of different algorithms have 

been proposed (for a thorough review in the context of electoral districting, see 

Williams 1995). Nevertheless, there are two major problems in applying the exist-

ing automatic zone design algorithms to the development of estuary management 

units. First, most of the algorithms described in the literature are not available as 

they result from research efforts and most of them were never implemented as 

software packages. Second, most algorithms are based on an areal perspective of 

the zone design problem, i.e. they use areas as the basic units for zone design, 

which conflicts with the point supports used in the context of this research.  

The zone design algorithms proposed in the literature use different optimization 

strategies ranging from hill climbing procedures (Horn 1995) to simulated anneal-

ing (Macmillan and Pierce 1994, Openshaw and Rao 1995), tabu search (Open-

shaw and Rao 1995) and linear programming associated with branch-and-bound 

(Mehrotra et al. 1998). Genetic Algorithms (GA) remain largely unexplored in 

this field. To our knowledge the only reference is Altman (1998) and no details 

are provided on how GA’s were applied to this particular problem. However, 

GA’s have been used extensively as search procedures in related fields such as the 

P-Median Problem (Correa et al. 2001) and Cluster Analysis (Murthy and Chowd-

hury 1996). Other fields facing complex optimization problems, such as Pattern 

Recognition, Image Processing and Machine Learning (Ankenbrandt et al. 1990, 

Belew and Booker 1991, Back et al., 1997) have also benefited from the use of 

GA’s. 

One of the reasons why the zone design problem is especially difficult is the 

size of the solution space. The dimension of a “usual” real world problem makes 

unfeasible any attempt to enumerate all the possible solutions explicitly (Cliff and 

Hagget 1970). The total number of possible solutions, S, for a zone design prob-

lem, is similar to the clustering problem and is calculated as the Stirling number of 

the second kind (Anderberg 1973, Keane 1975): 

n
k

i

i ik
iik

k

k
knS )(

!)!(

!
)1(

!

1
),(

1

(4) 

This means that for a medium size problem like the one addressed in the results 

section of this paper, S (153, 19) yields 3.65*10178 possible solutions. Addition-

ally, in terms of computational complexity the zone design problem has been 

shown to be NP-Complete (Altman 1997). Thus, heuristic techniques seem to be 

the best way available to produce solutions in reasonable computational time. 
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2 Methods 

2.1 Sampling design

Sediment samples were collected at 153 sites using a Global Positioning System, 

according to a systematic unaligned sampling design (500  750 m) to provide a 

uniform coverage of the area as well as pairs of close observations required for 

modeling the short-scale variability. In each site 3 sediment characterization at-

tributes were determined: Fine Fraction content (FF), Total Organic Matter (OM) 

and Redox Potential (Eh) (Caeiro et al. 2003a). The central problem consisted in 

building a small number of regions (areas) based on the original 153 sample 

points. This will enable the periodic monitoring and adequate management of the 

estuary. Boundaries of spatially contiguous and homogeneous regions of sediment 

structure were derived through two alternative approaches described below. 

2.2 Multivariate Geostatistical approach 

This method starts with a principal component analysis (PCA) of original data 

(FF, TOM and Eh), followed by the computation and fitting of a spherical model 

to the experimental semivariogram of principal components (PC) scores. Follow-

ing Oliver and Webster (1989), the dissimilarity between any two sampling sites i 

and j is then computed as: 

cc

c
d

a

u
.

a

u
.

cc

c
dd ij

ijij

ij
*
ij

0

0

3

0

5051  for 0<uij a

*

ijd ijd  for  uij > a

(5) 

Where: 

dij - Distance in the attribute space between i and j
c  - Sill of the spherical semivariogram model  

0c  - Nugget variance 

a - Range of the spherical semivariogram model 

uij - Euclidean geographic distance between i and j.
 These values are assembled into a dissimilarity matrix that undergoes hierar-

chical clustering using the complete linkage rule (Everitt and Dunn 2001). The 

spatial continuity of each cluster is characterized using semivariograms computed 

on indicators of occurrence of these clusters. Indicator kriging is then used to in-

terpolate the probability of occurrence of the clusters at unsampled locations. Fi-

nally, each grid node is assigned to the cluster with the highest probability of oc-

currence (maximum likelihood classification).  

This method generates relatively smooth maps showing locally dominant 

classes, uncluttered by outliers. This procedure fulfills the purpose of computing 

contiguous sediment regions for management and monitoring purposes. A detailed 

description of this method is available in Caeiro et al. (2003a). The area corre-
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sponding to the sampling points was further clipped with the study area boundary 

including the coast line (Caeiro et al. 2003b) using ArcGIS 8.0 software.  

2.3 Genetic algorithms approach 

Genetic algorithms (GA) are a subset of a broader and rapidly expanding area 

known as Evolutionary Computing (Fogel 2000). As the name indicates, these al-

gorithms drew inspiration on Darwin’s theory of evolution, and have been used to 

solve hard optimization and machine learning problems (Goldberg 1989). The ba-

sic idea is that each solution to the problem is coded as a bit string, a chromosome, 

possibly with a number of sub-strings that act as genes. At any given point in time 

(or generation), a number of such chromosomes are kept, each representing a dif-

ferent “individual” or solution to the problem. Natural selection is simulated by 

evaluating the fitness (or goodness) of each solution, measured by how well it 

solves the problem at hand, and giving the best individuals a higher probability of 

being chosen to breed (crossover) and thus passing their characteristics into the 

next generation. To obtain new solutions, two operators are used: crossover, and 

mutation. Crossover is implemented by combining bits of two different chromo-

somes (possibly divided along genes) to form a new solution, while mutation 

amounts at randomly changing some bits or chromosomes. The details of how this 

basic idea is implemented may vary considerably. 

Given enough time, a conveniently coded GA will always find an optimal solu-

tion. However, to obtain reasonable solutions within reasonable time, care must be 

taken in the encoding of the problem into chromosomes, and in the choice of the 

fitness function that will be optimized. 

The application of genetic algorithms to the development of estuary management 

units first requires a strategy for encoding a solution to the problem. In other 

words, a specific partition of the sampling points into a smaller set of management 

units needs to be encoded in such a way that genetic operators may be used. This 

could be performed using a number of different ways (Bação et al. 2004). Bearing 

in mind that in the specific case of estuary management units compactness is not a 

relevant constraint, the encoding used here enables the seed of each management 

unit to be placed anywhere within a rectangle comprising the study region.  

Each string represents a possible plan configuration, and the fitness of each 

specific configuration is evaluated using the following expression: 

k
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v
zvizv xxmin

1 1 1

(6) 

where izvx represents the value of sampling point i from management unit z for 

variable v, and zvx  represents the mean value of variable v in management unit z.

In order to assess the fitness of each solution we have to calculate the sum of the 

distances between each sampling point and the mean of the management unit to 

which it belong along all variables. Finally, the quality of the solution is assessed 

by the sum of the distances within all the management units. 
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The genetic algorithm is initialized with a random population of size p. For the 

encoding described above, p strings of length 2*k are initialized. This is done by 

forcing all elements of the strings to be located within a rectangle comprising the 

study region. GA literature does not provide guidelines for choosing the size of the 

initial population. In this study 10 parallel populations were used, with different 

string numbers. Migration of strings between populations can occur with a prob-

ability of 0.001. Identical strings are not allowed, so there are no twins in the 

population. 

The type of selection used is tournament (Goldberg 1989). Sensitivity analysis 

led to the choice of a uniform crossover, with a probability ranging from 0.95 to 1. 

Mutation rate was 0.001 and 0.002, and an elitist strategy was adopted, assuring 

that the best individual of the population would always be carried to the next gen-

eration. Different stopping criteria were also used. 

Thus, the algorithm proceeds as follows: 

1. Generate p sets of k points, according to the selected encoding.  

2. For each of the n sampling points find the closest seed, and assign the sam-

pling point to the seed.  

3. Evaluate the fitness of each string, based on equation 6. 

4. Apply selection, crossover and mutation operators, creating a new popula-

tion; 

5. Return to step 2 until the stopping criterion is met.  

The final result is a classification of the sampling points into n zones. To gener-

ate areas (management units) an allocation function was computed using the Spa-

tial Analyst extension of ArcGIS 8.0 software. 

3 Results 

In this section we compare the results provided by the two approaches. The major 

goal is to identify the differences rather than trying to prove the superiority of one 

technique over the other. The elusiveness of a strict objective criterion to the de-

lineation of estuary management units forces a somewhat subjective analysis of 

the results. The use of expert knowledge was one of the ways of circumvent this 

difficulty.  

3.1 Multivariate Geostatistical approach 

The hierarchical classification yielded four clusters that are reasonably distinct, 

with a decline in organic load from Cluster 1 to 4: HO – High Organic; MHO – 

Medium High Organic; MO – Medium Organic and LO – Low Organic loads 

(Fig. 1). For each cluster, the indicator semivariogram was computed along four 

directions and a geometric anisotropy model was fitted visually. All 

semivariograms display longer ranges in the direction of azimuth 120º, which cor-

responds to the water flow and is in agreement with other studies (Martins et al.
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2001). Maximum likelihood classification performed on estimated probabilities 

generated 70 areas after clipping with the estuary costal line. The areas smaller 

than the sampling grid size were assigned to the neighboring area with the longest 

common border, resulting in a final set of 19 management units. A detailed de-

scription of the methodology is available in Caeiro et al. (2003a). Results of clus-

ter classification of the 153 sampling points and the corresponding 19 manage-

ment units are displayed in Fig. 1.   

The results of this method are generally in agreement with earlier work per-

formed in the estuary (Rodrigues and Quintino 1993). Low organic load sediments 

correspond essentially to the estuarine entrance and tend to extend to the inside of 

the estuary, basically through the southern channel (see at the estuary entrance, a 

large homogenous area of low organic load, LO1 - Fig. 1). In the middle of the es-

tuary bay the gradient splits into two major components, one directed towards the 

North Channel and the other towards the South Channel in accordance with the 

water flow. Since high organic load areas are associated with low hydrodynamics 

and rich organic discharges, they are more common in the North Channel near in-

dustrialized zones and the city of Setubal. They are also distributed in small ho-

mogenous areas (Fig 1). These results were compared to the classification pro-

vided by two other multivariate approaches using map similarity measurements 

(Caeiro et al. 2003a, Caeiro et al. 2004). These previous studies demonstrated the 

robustness of this multivariate approach, indicating that the different methods 

yield similar results and thus are of equal value to delineate management units in 

the estuary.  

Fig. 1. Classification of the 153 sampling point produced using hierarchical classification 

(four clusters), and the final set of 19 management units obtained with the multivariate geo-

statistical approach. 

3.2 Genetic algorithms approach 

Genetic algorithm was run using five different sets of parameters (see Table 1) 

and under the constraint of creating 19 areas. Solution S1 achieves the worst result 
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in terms of within cluster variability, nevertheless it is important to note that only 

50000 individuals (10 populations of 10 individuals over 500 generations) were 

evaluated, which constitutes a very small fraction of the solution space 

(3.65*10178). This result indicates that genetic algorithms are quite robust, as they 

need to search only a small amount of this space in order to find good solutions. In 

the case of S5 the algorithm stops after 1000 generations without improvements in 

the objective function, yielding a total of 2907 generations. Only solution S1 did 

not lower the within cluster variability produced by the geostatistical method 

(134.17).  

Table 1. - Results and parameter specification of the 5 runs performed in the genetic algo-

rithm. 

Sum of Within 

management unit 

variability 

Population Mutation Stopping Criterion Crossover  

probability 

S1 143.92 10*10 0.001 500 generations 1 

S2 123.30 10*15 0.001 1000 generations 1 

S3 123.05 10*25 0.001 800 generations 1 

S4 126.16 10*25 0.002 800 generations 0.95 

S5 117.19 10*25 0.001 2907 generations 0.95 

Because of the page limitations, only the best (S5) and worst results (S1) are 

displayed (see Fig. 2 and 3). The analysis of the maps shows that S5 is able to iso-

late 6 sampling points into 4 areas, which creates smaller areas while improving 

the objective function. The two solutions are, however, characterized by similar 

spatial pattern of the management units.  

The genetic algorithm yields 19 management units without clustering them in 4 

groups, which makes the comparison with the geostatistical method more difficult. 

The final result is the classification of each sampling point into one of the 19 man-

agement units, unlike the geostatistical approach which produces surface areas. 

Despite these differences the analysis of the resulting maps shows that similar pat-

terns of small areas are found in the North Channel. In fact, the general results are 

quite similar in terms of the “macro” trends. The genetic algorithm identifies small 

management areas (like area nº 19 in Fig. 2 or nº 8 in Fig. 3), which were also de-

tected by the multivariate geostatistical method (see Fig. 1 cluster results), but as 

the interpolation procedure only yielded an area smaller than the sampling grid 

size, that was discarded. The split gradients in the North and South channels dis-

played by the hierarchical classification are less noticeable in the two solutions of 

the genetic algorithm. This can be explained by the fact that the genetic algorithm 

does not take into account the anisotropic pattern of variability of the attributes, 

which can be modeled and incorporated using the geostatistical approach. The es-

tuarine sedimentary environment is strongly controlled by the water flow, which 

supports the existence of the long areas identified by the geostatistical method, 

particularly in the south channel where the hydrodynamics is higher, representing 

the natural physical behavior. Due to distance restrictions imposed by the encod-

ing the genetic algorithm is unable to create elongated areas (see areas nº 7 and 11 
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in Fig. 2 or nº 7 and 18 in Fig. 3, that correspond to one single area – LO1 in 

Fig. 1). 

Fig. 2. Classification of the 153 points produced using the genetic algorithm approach – S1.  

Fig. 3. Classification of the 153 points produced using genetic algorithm approach – S5. 

About 60 % of the total number of the GA’s areas of both solutions 1 and 5 are 

mainly formed by one single cluster (i.e. proportion is higher then 80 %). How-

ever, in solution 5, only 31.6 % of the areas are 100 percent classified as belong-

ing to one single type of cluster, compared to 15.8 % for Solution 1. In spite of 

this S1 seems to represent better the estuary hydrodynamic behavior, and is more 

in accordance with the geostatistical approach. In addition, 47.4 % of the 19 cen-

troids of Solution 1 are associated with one single centroid of the management 

units of geostatistical approach compared to only 36.8 % in solution 5. 

In order to organize the major findings of this study, the quality of each solution 

was assessed using four point expert evaluation criteria, see Table 2. As expected, 

the quality of the ecological representation is superior in the geostatistical method, 

as it accommodates specific needs related to underlying phenomena, such as the 

hydrodynamic behavior. Nevertheless, it is noteworthy that the genetic algorithm 
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is not inadequate, since for instance the expert assessment is quite encouraging 

(does not need to have an in-depth understanding of the methods). 

Table 2. Assessment scores of the results of the multivariate geostatistical approach (MG) 

and solutions 1 and 5 provided by GA. Best score is 3. 
Method Sum of within 

management unit 

variability 

Ecological in-

terpretation (N-

S differences) 

Ecological inter-

pretation (Hydro-

dynamic behavior) 

Required knowl-

edge about the 

method from the 

user*

Expert As-

sessment

Total 

MG 134.17 3 3 1 3 10 

 S1 143.92 2 2 3 2 9 

 S5 117.19 2 1 3 2 8 

* 1 means that the user needs to have an in-depth understanding of the methods. 

4 Conclusions 

In this paper, we implemented a genetic algorithm approach for the delineation of 

management units in estuary and the results were compared to a multivariate geo-

statistical approach based on a hierarchical clustering of a spatial dissimilarity ma-

trix followed by indicator kriging. Although the task of comparing such different 

approaches is difficult, due to different types of outputs and the absence of a “ref-

erence truth”, this study indicates that the results of both methods are relatively 

similar. The automatic procedure presented here has the potential to become a 

valuable option in the delineation of estuary management units. The current ge-

netic algorithm can provide a benchmark for other approaches; enabling the possi-

bility of critical assessment of theoretical based approaches.  

The first solution S1, although with higher within area variability, seems to rep-

resent better the ecological behavior of the estuary (see Table 2). This fact may 

indicate that using the within management unit variability as the optimization cri-

teria might be misleading, or at least it can be improved. Finally, future work 

should investigate alternate encoding options which would enable the algorithm to 

produce more elongated, and still contiguous, areas. This improvement should 

lead to a better representation of the hydrodynamic effects, which play a relevant 

role in the definition of the management units. 

In this study the issue of defining the number of regions was not addressed. 

Clearly, in the future, the genetic algorithm should incorporate new strategies for 

the automatic computation of the number of regions to be built. This should capi-

talize on the work developed within cluster analysis, for instances the application 

of a pseudo F statistic developed by Calinski and Harabasz (1974) or the cubic 

clustering criterion proposed by Sarle (1983). 



Delineation of estuarine management units: Evaluation of an automatic procedure      439 

References 

Anderberg MR (1973) Cluster Analysis for Applications. Academic Press 

Ankenbrandt CA, Buckles BP, Petry FE (1990) Scene recognition using genetic algorithms 

with semantic nets. Pattern Recognition Letters 11(4):285-293 

Altman M (1997) The Computational Complexity of Automated Redistricting: Is Automa-

tion the Answer? Rutgers Computer and Technology Law Journal 23 (1):81-142 

Altman M (1998) Modeling the Effect of Mandatory District Compactness on Partisan Ger-

rymanders. Political Geography 17 (8): 989-1012 

Bação F, Lobo V, Painho M (2004) Applying Genetic Algorithms to Zone Design. Ac-

cepted for publication in Soft Computing: A Fusion of Foundations, Methodologies 

and Applications 

Back T, Fogel DB, Michalewicz Z (eds.) (1997) Handbook of Evolutionary Computation. 

Oxford University Press NY 

Belew RK, Booker LB (eds.) (1991) Proceedings of the Fourth International Conference on 

Genetic Algorithms. La Jolla, CA: Morgan Kaufmann 

Belfiore S (2000) Recent developments in coastal management in the European Union. 

Ocean & Coastal Management 43:123-135 

Caeiro S, Goovaerts P, Painho M, Costa MH (2003a) Delineation of Estuarine management 

areas using multivariate geostatistics: the case of Sado estuary. Environmental Science 

and Technology 37:4052-4059 

Caeiro S, Goovaerts P, Painho M, Costa MH,  Sousa S (2003b) Spatial sampling design for 

sediment quality assessment in estuaries.  Environmental Modeling and Software 

18(10): 853 – 859 

Caeiro S, Sousa S, Painho H (2004) Map Similarity Measurements and its application to the 

Sado Estuary. Accepted for publication in Finisterra 

Calinski T, Harabasz J (1974) A Dendrite Method for Cluster Analysis, Communications in 

Statistics 3:1 -27 

Cicin-Sain B, Knech RW (1998) Integrated Coastal and Ocean Management. Concepts and 

Practices. Washington, D. C, Covelo, California, Island Press  

Clark JR (1996) Coastal Zone Management Handbook. Boca Raton, Florida, Lewis Pub-

lishers

Cliff AD, Hagget P (1970) On the efficiency of alternative aggregations in region-building 

problems. Environment and Planning 2: 285-294 

Correa ES, Steiner MTA, Freitas AA, Carnieri C, (2001) A genetic algorithm for the P-

median problem. In: Proc. 2001 Genetic and Evolutionary Computation Conf. 

(GECCO-2001),Morgan Kaufmann, 1268-1275 

Everitt B, Dunn G (2001) Apllied Multivariate Data Analysis. New York, Arnold 

Ferland JA, Guénette G (1990) Decision support system for a school districting problem. 

Operations Research. 38:15-21 

Fleischmann BJ, Paraschis N (1988) Solving a large scale districting problem: a case re-

port. Computers and Operations Research. 15:521-533 

Fogel DB (2000) Evolutionary Computation: Toward a New Philosophy of Machine Intel-

ligence. 2nd edition, IEEE Press, Piscataway, NJ 

Goldberg DE (1989) Genetic Algorithms in Search, Optimization and Machine Learning. 

Addison-Wesley, Reading, Mass 



440 F. Bação, S. Caeiro, M. Painho, P. Goovaerts and M. H. Costa 

Goovaerts P (1997) Geostatistics for Natural Resources Evaluation.  New Work, Oxford 

University Press 

Goovaerts P (2002) Geostatistical incorporation of spatial coordinates into supervised clas-

sification of hyperspectral data. Journal of Geographical Systems 4: 99-111. 

Haining R, Wise S, Blake M (1994) Constructing regions for small-area analysis – material 

deprivation and colorectal cancer. Journal of Public Health Medicine, 16: 457-469. 

Horn M (1995) Solution techniques for large regional partitioning problems. Geographical 

Analysis 27: 230-248. 

Keane M (1975) The size of the region-building problem. Environment and Planning A 7: 

575-577.

MacDonald DD, Lindskoog RA, Smorong  DE, Greening H, Pribble R,  Janicki T, Janicki 

S. Grabe S, Sloane G, Ingersoll CG, Eckenrod S and  Long ER (2000) Development of 

an Ecosystem-Based Framework for Assessing and Managing Sediment Quality Con-

ditions in Tampa Bay, Florida. Florida, Tampa Bay Estuary Program. 

Macmillan B, Pierce T, (1994) Optimization Modelling in a GIS Framework: The Problem 

of Political Redistricting. In: Fotheringham S, Rogerson P (eds.) Spatial analysis and 

GIS. Taylor & Francis Inc, Bristol, 221-246. 

Martin D (1997) From enumeration districts to output areas: experiments in the automated 

creation of a census output geography. Population Trends, 88:36-42 

Martin D (1998) 2001 Census output areas: from concept to prototype. Population Trends, 

94:19-24

Martin D (2000) Automated zone design in GIS. In: Atkinson, P. and Martin, D. (eds.) GIS 

and Geocomputation, Innovations in GIS 7: Taylor and Francis, London, pp. 103-113 

Martins F,  Leitão P, Silva A and Neves R (2001). 3D modelling in the Sado estuary using 

a new generic vertical discretization approach. Oceanologica Acta 24:S51 - S62. 

McGlashan D. and Duck RW (2002) The Evolution of Coastal Management Units: To-

wards the PDMU. In: F. Veloso-Gomes, F. Taveira-Pinto, and L. Neves (eds.). Littoral 

2002, The Changing Coast. Porto,  European Coastal Zone Association for Science 

and Technology (EUROCOAST)- Portugal Association /EUCC - The Coastal Union, 

29 – 33. 

Mehrotra A, Johnson EL, Nemhauser GL (1998) An optimization based heuristic for politi-

cal districting. Management Science, 44:1100-1114. 

Murthy CA, Chowdhury N (1996) In search of optimal clusters using genetic algorithms. 

Pattern Recognition Letters, 17:825-832  

Oliver MA and R. Webster, R (1989) A Geostatistical Basis for Spatial Weighting in Mul-

tivariate Classification. Mathematical Geology 21:15-35. 

Openshaw S, Rao L, (1995) Algorithms for reengineering 1991 Census Geography. Envi-

ronment and Planning A 27:425-446 

Openshaw S, Alvanides S (1999) Applying geocomputation to the analysis of spatial distri-

butions, In: Longley PA, Goodchild MF, Maguire DJ, Rhind DW, (eds.) Geographical 

Information Systems Principles, Techniques, Management and Applications, Wiley, 

Chichester, 267-282. 

Picollo A, Albertelli G, Bava S and Cappo S. (2003) The Role of Geographic Information 

Systems (GIS) and of DPSIR Model in Ligurian Coastal Zone Management.In: Pro-

ceedings of 5th International Symposium on GIS and Computer Cartography for 

Coastal Zone Management Italy, Geographical Information Systems International 

Group (GISIG/International Center for Coastal and Ocean Policy Studies(ICOOPS). 

1 – 5  



Delineation of estuarine management units: Evaluation of an automatic procedure      441 

Reed J, Chappel, A, French JR and Oliver MA (2001) A geostatistical analysis of PCB-

contaminated sediment in a commercial dock, Swansea, UK. P. In: Monestiez, P., 

Allard, D.,. Froidevaux, R. (eds.) geoENV III - Geostatistics for environmental applica-

tions. Kluwer Academic Publishers, Dordrecht. 487 – 498. 

Rodrigues AM and Quintino VMS (1993) Horizontal Biosedimentary Gradients Across the 

Sado Estuary, W. Portugal. Netherlands Journal of Aquatic Ecology 27:449-464. 

Sarle WS (1983) Cubic Clustering Criterion, SAS Technical Report A-108, Cary, NC: SAS 

Institute Inc. 

Soares A (2000) Geostatística para as Ciências da Terra e do Ambiente.  IST Press Lisboa. 

Williams JC (1995) Political Redistricting - A Review. Papers in Regional Science 74(1): 

13-39

Wackernagel H (1995) Multivariate Geostatistics: an Introduction with Applications. 

Springer-Verlag. 


	A_2005_Book_GeostatisticsForEnvironmentalA (1)
	B_2005_Book_GeostatisticsForEnvironmentalA (1)

