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Abstract In this work we propose a novel methodology in order to auto-8

matically optimize the location of the sampling points for a water quality9

monitoring network in an estuary, in such a way that any unknown pollution10

source can be identified (both in intensity and location) from the data supplied11

by those sampling points. In the central part of the article, after a rigorous12

mathematical formulation of the environmental problem, the full details of its13

numerical implementation are given. Finally, we present and analyze the re-14

sults when applying above proposed technique to study a real case in Ŕıa of15

Vigo (northwestern Spain).16

Keywords Optimal design · Water quality monitoring network · Estuary ·17

Sampling points · Mathematical modeling · Simulation-based optimization18

1 Introduction19

Environmental monitoring of estuarine waterbodies is a fundamental tool to20

assure the fulfillment of water quality standards in these ecosystems. Data21

obtained from the monitoring network -consisting of a set of measures of dif-22

ferent chosen parameters, as pollutants or nutrients concentrations, salinity,23
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Depto. Matemática Aplicada, Universidade de Santiago de Compostela, Fac. Matemáticas,
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temperature, pH, chlorophyll, dissolved oxygen and so on- can be used for24

general management and/or restoration of water quality in these areas.25

One of most important issues in the design of a monitoring network is the26

number and the location of the sampling stations. Their number is usually lim-27

ited by the available budget, but the determining of the monitoring locations28

-in past times mainly fixed by the intuitive experiences of stakeholders and29

decision-makers- needs to be systematically and scientifically chosen in order30

to optimize the effective performance of the network. Scientific studies show31

that the accuracy of identifying pollution sources is highly dependent on the32

location of these monitoring stations [26]. Therefore, finding a set of optimal33

locations for the set of sampling points is essential to correctly characterize34

pollution sources (wastewater discharges, accidental spills, runoffs, etc.).35

In fact, as it has been remarked by several authors [25,26], the place-36

ment of the sampling stations can be considered the most critical factor in37

the design of any water quality monitoring network. The selection of these38

optimal sampling points has been addressed by several authors, but mainly39

from a statistical viewpoint (a geostatistical approach combined with simu-40

lated annealing [6,21], fuzzy logic based on a geographic information system41

[27], multivariate statistical techniques [30], cellular automata-Markov chain42

models [1], graphical optimization by interpolation via correlation coefficients43

and standard deviations [14,13], Kriging variance combined with simulated44

annealing [5], a profile likelihood approach [33], etc.).45

The aim of our research is to present a novel and effective approach to the46

problem of the optimal sampling points allocation within a simulation-based47

optimization framework, in the spirit of previous works of the authors for the48

case of a river water quality monitoring system [4,2,23]. So, we formulate the49

problem as a two level optimization problem, where the upper level problem50

is the optimal fixing of the sampling points locations -given by their ability to51

capture the correct information on intensity and location of possible pollution52

releases-, and the lower level problems are related to the optimal determination53

of these pollution sources.54

In a specific way, the upper level optimization problem concerns the find-55

ing of the optimal sampling locations which best determine a large number of56

random point source pollution episodes. This problem can be formulated as57

an optimization problem where the objective function -measuring the global58

accuracy of the set of sampling stations- is given by the sum of the optimal59

approximation errors at the set of sampling points for all the different source60

pollution cases considered in above formulation. In our study, the minimiza-61

tion process is executed via a controlled random search procedure for global62

optimization [24] in order to avoid the possibility of being trapped in local63

minima.64

The (subsidiary) lower level problems are related to the optimal identifica-65

tion (location and intensity) of the numerous random pollution sources, that66

is a critical step in managing the quality of estuarine waters. This problem67

has been much more extensively studied (see, for instance, a general survey in68

the recent review [19] for surface and groundwaters, and the numerous refer-69
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ences therein). However, in our bidimensional case, this inverse problem can70

be mathematically ill-posed (in this sense, several authors have proved the71

well-posedness of the problem if we have data for the whole boundary of the72

domain [8,9], or if the know data from three sampling points in the case of the73

unbounded whole bidimensional space [16,17]; but the case of a finite number74

of sampling points in a bounded domain remains, as far as we know, as an open75

problem). This identification problem can be also reformulated as an optimiza-76

tion problem where the cost function depends on the differences between the77

observed and the predicted values for the different pollutant concentrations at78

the sampling points. There exists a large variety of proposed methods for solv-79

ing the pollution source identification problem, but they can be categorized80

into three main groups, according to their approach: the probability-based ap-81

proach (including Bayesian inference [32], backward probability method [7],82

the minimum relative entropy [31] and many others), the classification ap-83

proach [28,15] and, finally, the optimization-based approach where the dif-84

ferences between simulated and observed pollutant concentrations at several85

points -obtained by solving a numerical model for pollutant concentrations- are86

minimized by means of a large range of optimization algorithms of derivative,87

derivative-free or hybrid type [10,22,12]. In our case we have chosen this linked88

simulation-optimization option, employing the gradient-free Nelder-Mead al-89

gorithm [20] for the minimization process and a convection-diffusion-reaction90

equation for the simulation step.91

This article is divided into five sections. After this Introduction follows a92

second section devoted to the rigorous formulation of the problem, whose com-93

putational implementation is detailed in Section 3. Final sections are devoted94

to present the numerical results for a case study posed in Ŕıa of Vigo (NW95

Spain), showing several discussions and conclusions.96

2 Mathematical setting of the problem97

We consider a domain Ω ⊂ R
2 occupied by shallow waters, for instance an98

estuary or a ŕıa (river end flowing into the sea), and we are interested in99

determining the optimal locations of a (usually small) number N of sampling100

points in a water quality monitoring network, that is, we want to find the101

best locations pi ∈ Ω, i = 1, . . . , N, for the sampling points, with the only102

constraint that each point pi must lie inside a desired area Ui ⊂ Ω such that103

int(Uj) ∩ int(Uk) = ∅, ∀j 6= k ∈ {1, . . . , N}.104

We understand as the best locations a vector p = (p1, . . . , pN ) ∈
∏N

i=1 Ui105

that allows, from the sampling data taken at those points for a time interval106

(0, T ) -a vector function d(t) = (d1(t), . . . , dN (t)) ∈ [C(0, T )]N -, to determine107

in the most accurate way the discharge point b ∈ Ω and the discharge intensity108

-a function m(t) ∈ L∞(0, T ) satisfying mmin ≤ m(t) ≤ mmax, a.e. t ∈ (0, T )-109

that have caused the pollution levels collected.110

So, if we denote by c(m,b)(x, t) the concentration at point x ∈ Ω and at111

time t ∈ (0, T ) of an undesired pollutant (say, for instance, coliform bacteria112
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Escherichia coli) coming from a discharge of intensity m at point b, then its113

evolution along Ω × (0, T ) can be obtained as the solution of the following114

initial/boundary value problem (see, for instance, [29]):115























∂c

∂t
+ u · ∇c− β∆c+ κc =

1

h
mδ(x− b) in Ω × (0, T ),

∂c

∂n
= 0 on Γ × (0, T ),

c(x, 0) = c0 in Ω,

(1)

where Γ is the boundary of Ω (assumed to be smooth enough), m(t) is the116

mass flow rate of E. coli discharged in b, and δ(x−b) denotes the Dirac measure117

at point b. Experimentally known parameters β and κ correspond to horizontal118

viscosity and decay rate, respectively. Finally, h(x, t) denotes the water depth,119

and u(x, t) is the depth-averaged horizontal velocity of water, which can be120

measured in situ or estimated as the solution of the classical shallow water121

equations.122

Then, for each set of sampling points p ∈
∏N

i=1 Ui and for each set of123

sampling data d(t) ∈ [C(0, T )]N , we define the cost function:124

Jp,d(m, b) =
N
∑

i=1

∫ T

0

(

c(m,b)(pi, t)− di(t)

di(t)

)2

dt, (2)

which measures the difference between the pollution levels caused by a dis-125

charge of intensity m at point b, and the levels collected in the samples taken126

at points pi, for i = 1, . . . , N . The objective is to determine the vector p so127

that each pollution discharge (m̄, b̄) can be recovered by numerically solving128

the inverse problem:129

min Jp,d̄(m, b)
(m, b) ∈ L∞(0, T )×Ω,

mmin ≤ m(t) ≤ mmax, a.e. t ∈ (0, T )
(3)

being d̄(t) the pollution level samples, observed at monitoring points p, caused130

by discharge (m̄, b̄).131

It is worthwhile remarking here that, independently on the choice of the set132

of locations p, if for a discharge (m̄, b̄) we solve the problem (1) and consider133

the synthetic samples given by d̄p = (d̄p1 , . . . , d̄pN ), with d̄pi(t) = c(m̄,b̄)(pi, t),134

for i = 1, . . . , N , then Jp,d̄(m̄, b̄) = 0 and, consequently, (m̄, b̄) is a solution135

of the inverse problem (3). However, the correct numerical resolution of this136

inverse problem strongly depends on the chosen vector p, since an unsuitable137

choice of the set of sampling locations might lead to an inaccurate solution,138

posibly very different to the theoretical solution (m̄, b̄).139

In order to determine the good quality of a particular set of sampling140

points locations p = (p1, . . . , pN ), we consider a (large) number M of random141

pollution sources (located at points bj ∈ Ω and with constant intensities mj ∈142
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[mmin,mmax], for j = 1, . . . ,M), which must be identified by the monitoring143

network from data given by this particular set of sampling points.144

After solving problem (1) for the different pollution scenarios (mj , bj), j =145

1, . . . ,M, we can obtain the synthetic data d
p
j corresponding to the set of146

sampling points p, given by:147

d
pi

j (t) = c(mj ,bj)(pi, t), for i = 1, . . . , N. (4)

Then, for the given p and for each j ∈ {1, . . . ,M}, we solve the following in-148

termediate optimization problem (Pp
j ): find (m̃j(p), b̃j(p)) solution of problem149

(3) for data d̄ = d
p
j .150

Thus, we can define the function:151

Jj(p) = Jp,d
p

j (m̃j(p), b̃j(p)) (5)

which determines the goodness of the particular set of sampling points loca-152

tions p, that is, function Jj(p) measures the accurateness given by the set of153

sampling points locations p = (p1, . . . , pN ) when identifying the j-th pollution154

source (mj , bj).155

Finally, in order to find the best locations for the sampling points, we need156

to solve the following global optimization problem (P): find p̃ = (p̃1, . . . , p̃N ),157

with p̃i ∈ Ui, ∀i ∈ {1, . . . , N}, minimizing the objective function J given by:158

J(p) =
M
∑

j=1

Jj(p), (6)

that is, we look for the optimal set of sampling points locations that identifies159

in the most accurate way all the random pollution scenarios chosen at the be-160

ginning of the monitoring network design process. Last but not least, we must161

note that, due to the strong nonlinearities of the global problem, uniqueness162

for solution p̃ is not expected.163

For readers convenience, a detailed flowchart corresponding to the global164

process for the optimal network design can be found in Figure 1.165

3 Numerical implementation166

In this section we present the full details for the computational resolution167

of the problem by means of a suitable discretization process, addressing the168

numerical resolution of the boundary value problem (1), the minimization of169

the intermediate optimization problems (Pp
j ), and the resolution of the global170

optimization problem (P).171

In particular, for solving problem (1), we consider the standard variational172

formulation of the problem, and apply finite element method techniques for its173

resolution on a triangular mesh Ωh of the domain. To do this, we use the open-174

source finite element software Freefem++ [11], through a full programming of175

the associated formulation. Moreover, in order to assure the robustness of176
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Fig. 1 General flowchart for optimal design

our approach, we have compared our achieved results to those obtained by177

the 2D finite volume hydrodynamic model MIKE 21 [18], developed by the178

Danish Institute of Technology (DHI), showing a good agreement, both from179

a qualitative and a quantitative viewpoint.180

When solving the intermediate minimization problems (Pp
j ), for any par-181

ticular p and for each j ∈ {1, . . . ,M}, given the essentially geometric nature182

of the problem, the authors propose to use a direct search algorithm: the183

Nelder-Mead simplex method [20]. This gradient-free algorithm has been suc-184

cessfully used by the authors in other related environmental problems (see,185

for instance, their previous work [3], where a short description of the method186

can be also found), and presents good convergence properties in low dimen-187

sions (in our particular case, we are dealing with a three-dimensional design188

variable (mj , bj) ∈ [mmin,mmax]×Ω ⊂ R
3). In addition, the classical Nelder-189

Mead algorithm can be effectively modified with an oriented restarting when190

stagnation at a non-optimal point is detected. However, since Nelder-Mead191

algorithm was originally designed for unconstrained minimization problems,192

in order to apply it to the constrained optimization problem (Pp
j ) we need first193

to modify the corresponding cost function by adding a penalty term related194

to the fulfilling of the constraints (mj , bj) ∈ [mmin,mmax]×Ω, which can be195

made in a simple and straightforward way.196

Finally, for solving the global minimization problem (P), we use a con-197

trolled random search procedure for global optimization [24] combined with a198
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Spain

1 UTM coordinate (km)
st

2
n
d

U
T

M
 c

o
o

rd
in

a
te

 (
k
m

)

504 514 534
4661

524

4671

4681

A

B

D

C

U1

U2

U3

U4

U5

Galicia

Fig. 2 Triangular mesh of Ŕıa of Vigo, showing the delimiting points A, B, C and D, and
the admissible areas U1, . . . , U5 for sampling points locations.

multi-start strategy in order to assure a better performance of the algorithm.199

Again, as in the intermediate optimization problems, constraints related to200

pi ∈ Ui, i = 1, . . . , N , need to be penalized in cost function (6).201

4 A case study202

This section presents some numerical tests for a real-world scenario posed203

in the estuary Ŕıa of Vigo (Galicia, NW Spain). This shallow water region,204

whose finite element mesh Ωh is depicted in Figure 2, is delimited by the205

extremal points (measured in kilometers) A = (504.5748, 4661.631), B =206

(503.9068, 4679.963), C = (532.2000, 4687.941) and D = (530.6860, 4688.455),207

as shown in Figure 2. Thus, the region Ω under study extends in a northeast208

direction over a length of about 35 kilometers with a maximum width of 18209

kilometers.210

For the numerical computation of the E. coli concentrations, via the reso-211

lution of the initial/boundary value problem (1), we have taken the viscosity212

parameter β = 200.0 and the decay rate κ = 4.134 × 10−4, with water depth213

h and horizontal velocity u computed by means of our own Fortran code.214

In our case, due to budget constraints, only N = 5 monitoring stations will215

be allocated. Then, in order to avoid an incorrect accumulation of monitors216

in too limited areas, we have decided to divide the estuary into five vertical217

stripes and place a monitoring station in each of them. In particular, the case218
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Fig. 3 Optimal monitoring stations locations p̃.

shown here corresponds to the following five admissible areas: U1 = {(x, y) ∈219

Ω : x ≤ 509.5}, U2 = {(x, y) ∈ Ω : 509.5 ≤ x ≤ 515.2}, U3 = {(x, y) ∈220

Ω : 515.2 ≤ x ≤ 520.9}, U4 = {(x, y) ∈ Ω : 520.9 ≤ x ≤ 526.6} and221

U5 = {(x, y) ∈ Ω : 526.6 ≤ x}.222

To determine the goodness of each set of sampling locations p we employ223

following M = 9 synthetic discharges for mmin = 10.0 and mmax = 80.0:224

m1 = 30.0, b1 = (513.9167, 4672.903), m2 = 50.0, b2 = (509.0681, 4669.368),225

m3 = 70.0, b3 = (522.4740, 4678.645), m4 = 30.0, b4 = (517.5092, 4675.787),226

m5 = 20.0, b5 = (511.0788, 4665.341), m6 = 40.0, b6 = (510.9115, 4674.748),227

m7 = 20.0, b7 = (520.8904, 4676.194), m8 = 50.0, b8 = (526.0731, 4680.025),228

m9 = 60.0, b9 = (529.9084, 4684.429), which must be identified from p by the229

Nelder-Mead algorithm with a multi-start approach (in our case, choosing the230

best result from three different initializations).231

Then, applying the controlled random search procedure for the initial232

guess p1 = (508.4854, 4662.537), p2 = (513.9167, 4672.903), p3 = (517.2793,233

4674.887), p4 = (522.8691, 4679.750) and p5 = (530.4425, 4683.326), with a234

cost function value of J(p) = 1.434 × 102, we achieved several optimal and235

sub-optimal solutions. For the sake of simplicity, we present here only two of236

them. So, we obtained the optimal solution p̃ (corresponding to a cost func-237

tion value J(p̃) = 6.175 × 10−22), given by: p̃1 = (509.5000, 4676.370), p̃2 =238

(515.2000, 4675.295), p̃3 = (515.2000, 4674.841), p̃4 = (520.9000, 4675.953) and239

p̃5 = (531.9204, 4687.832), We also obtained the sub-optimal solution p̂ (cor-240
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responding to a cost function value J(p̂) = 7.990 × 10−13), given by: p̂1 =241

(504.4070, 4674.276), p̂2 = (514.2178, 4672.690), p̂3 = (515.7867, 4675.043),242

p̂4 = (521.5240, 4676.762) and p̂5 = (530.8901, 4685.879). These achieved op-243

timal and sub-optimal locations for sampling points are shown in Figures 3244

and 4, respectively. Finally, for both solutions, the identified locations and245

intensities for the synthetic discharges can be seen in Table 1.246

By a straightforward analysis of above results, we can see how both the247

optimal and the sub-optimal solution are able to identify in a very accurate248

way all the random synthetic discharges -employed to calibrate the goodness249

of the set of sampling points locations- giving exact intensities and locations250

in the optimal case, and almost exact results in the sub-optimal one.251

We must also note that, contrary to the suboptimal case where the five252

monitors are completely separated, in the optimal distribution case the mon-253

itors p̃2 and p̃3 are practically stuck together, which could indicate that the254

number of sampling stations could be maybe reduced from five to four without255

a loss of quality.256

5 Conclusions257

This paper proposes a new technique to automate the design of the sampling258

points for a estuarine water quality monitoring network by means of a linked259
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Synthetic Optimal Sub-optimal
discharges solution solution

m1 30.0 30.0000 30.0000
b1 (513.9167, 4672.903) (513.9167, 4672.903) (513.9167, 4672.903)
m2 50.0 49.999999 50.0003
b2 (509.0681, 4669.368) (509.0681, 4669.368) (509.0680, 4669.367)
m3 70.0 70.0000 70.0000
b3 (522.4740, 4678.645) (522.4740, 4678.645) (522.4740, 4678.645)
m4 30.0 30.0000 30.0000
b4 (517.5092, 4675.787) (517.5092, 4675.787) (517.5092, 4675.787)
m5 20.0 20.0000 20.0000
b5 (511.0788, 4665.341) (511.0788, 4665.341) (511.0788, 4665.341)
m6 40.0 39.9999 40.0000
b6 (510.9115, 4674.748) (510.9115, 4674.748) (510.9115, 4674.748)
m7 20.0 20.0000 20.0000
b7 (520.8904, 4676.194) (520.8904, 4676.194) (520.8904, 4676.194)
m8 50.0 50.0000 50.0000
b8 (526.0731, 4680.025) (526.0731, 4680.025) (526.0731, 4680.025)
m9 60.0 60.000001 60.0002
b9 (529.9084, 4684.429) (529.9084, 4684.429) (529.9083, 4684.429)

Table 1 Synthetic discharges identified by optimal and sub-optimal solutions.

simulation-optimization algorithm. After presenting a detailed and rigorous260

formulation of the problem, including its whole computational details, we have261

studied a real-world case posed in Ŕıa of Vigo (NW Spain), where the achieved262

optimal solutions show a very good ability to capture both the locations and263

the intensities of a large amount of possible discharges in the estuary.264

Moreover, although we have formulated our problem for the particular265

case of the concentration of E. Coli in an estuary, our methodology can be266

immediately extended with the minimal changes to the analysis of any other267

water quality indicator -or indicators- in any type of 1D, 2D or 3D domains.268

The novel methodology introduced here represents not only an advance to-269

wards the scientifical rationalization of the design of water quality monitoring270

systems, but it also shows its wide possibilities in other different fields of ap-271

plication (atmospheric contamination, groundwater pollution...), and for other272

different interests from the stakeholders and decision-makers (pollution detec-273

tion in minimal time, minimization of the number of monitoring stations...).274
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optimization for the location of wastewater outfalls, Comput. Optim. Appl., 22, 399–305

417, 2002.306

4. Alvarez-Vázquez, L.J., A. Mart́ınez, M.E. Vázquez-Méndez, M.A. Vilar. Optimal loca-307

tion of sampling points for river pollution control. Math. Comput. Simul., 71, 149–160,308

2006.309

5. Bian, X., X. Li, P. Qi, Z. Chi, R. Ye, S. Lu, Y. Cai. Quantitative design and analysis of310

marine environmental monitoring networks in coastal waters of China. Marine Pollution311

Bulletin, 143, 144–151, 2019.312

6. Caeiro, S., M. Painho, P. Goovaerts, H. Costa, S. Sousa. Spatial sampling design for313

sediment quality assessment in estuaries. Environ. Model. Software, 18, 853–859, 2003.314

7. Cheng, W.P., Y. Jia. Identification of contaminant point source in surface waters based315

on backward location probability density function method. Adv. Water Resources, 33,316

397–410, 2010.317

8. El Badia, A., T. Ha-Duong, A. Hamdi. Identification of a point source in a linear318

advection-dispersion-reaction equation: application to a pollution source problem. In-319

verse Probl., 21, 1–17, 2005.320

9. Hamdi, A. Inverse source problem in a 2D linear evolution transport equation: detection321

of pollution source. Inverse Probl. Sci. Eng., 20, 401–421, 2012.322

10. Han, L.X., Y. Zhu, W.L. Jin, F.X. Zhang. Inverse problem of an instantaneous pol-323

lution source in a wide and shallow river and the analysis on inversion accuracy. In:324

Water pollution 2014 (C. Brebbia, Ed.), 333–342, WIT Transactions on Ecology and325

the Environment, Southampton, 2014.326

11. Hecht, F. New development in Freefem++. J. Numer. Math., 20, 251–265, 2012.327

12. Jing, L., J. Kong, Q. Wang, Y. Yao. An improved contaminant source identification328

method for sudden water pollution accident in coaster estuaries. J. Coastal Res., 85,329

946–950, 2018.330

13. Kim, N., J. Hwang. Optimal design of water quality monitoring networks in semi-331

enclosed estuaries. Sensors, 20, 1498, 2020.332

14. Kim, N., J. Hwang, J. Cho, J. Kim. A framework to determine the locations of the333

environmental monitoring in an estuary of the Yellow Sea. Environmental Pollution,334

241, 576-.585, 2018.335

15. Lee, Y., C. Park, M. Lee. Identification of a contaminant source location in a river336

system using random forest models. Water, 10, 391, 2018.337

16. Ling, L., M. Yamamoto, Y.C. Hon, T. Takeuchi. Identification of source locations in338

two-dimensional heat equations. Inverse Probl., 22, 1289–1305, 2006.339

17. Ling, L., T. Takeuchi. Point sources identification problems for heat equations. Com-340

mun. Comput. Phys., 5, 897–913, 2009.341

18. MIKE 21, User guide and reference manual. Danish Hydraulic Institute, Horsholm,342

2001.343

19. Moghaddam, M.B., M. Mazaheri, J.M.V. Samani. Inverse modeling of contaminant344

transport for pollution source identification in surface and groundwaters: a review.345

Groundwater for Sustainable Development, 15, 100651, 2021.346

20. Nelder, J.A., R. Mead. A simplex method for function minimization. Computer J., 7,347

308–313, 1965.348

21. Nunes, L.M. , S. Caeiro, M.C. Cunha, L.Ribeiro. Optimal estuarine sediment monitoring349

network design with simulated annealing. J. Environ. Manag., 78, 294–304, 2006.350

22. Parolin, R.S., A.J. Silva Neto, P.P.G.W. Rodrigues, O. Llanes Santiago. Estimation of351

a contaminant source in an estuary with an inverse problem approach. Appl. Math.352

Comput., 260, 331–341, 2015.353

23. Pollak, A.W., J.J. Peirce, L.J. Alvarez-Vázquez, M.E. Vázquez-Méndez. Methodology354

for identifying optimal locations of water quality sensor in river systems. Environ. Model.355

Assess., 18, 95–103, 2013.356

24. Price, W.L. A controlled random search procedure for global optimisation. Computer357

J., 20, 367–370, 1977.358

25. Sanders, T.G., R.C. Ward, J.C. Loftis, T.D. Steel, D.D., Adrian, V. Yevjevich. Design of359

networks for monitoring water quality. Water Resources Publications, Littleton, 1983.360

26. Strobl, R.O., P.D. Robillard. Network design for water quality monitoring of surface361

freshwaters: a review. J. Environ. Manag., 87, 639–648, 2008.362



Optimal design of an estuarine water quality monitoring network 13

27. Strobl, R.O., P.D. Robillard, R.D. Shannon, R.L. Day, A.J. McDonnell. A water quality363

monitoring network design methodology for the selection of critical sampling points:364

part I. Environ. Monit. Assess., 112, 137–158, 2006.365

28. Telci, I.T., M.M. Aral. Contaminant source location identification in river networks366

using water quality monitoring systems for exposure analysis. Water Quality, Exposure367

and Health, 2, 205–218, 2011.368

29. Vázquez-Méndez, M.E., L.J. Alvarez-Vázquez, N. Garćıa-Chan, A. Mart́ınez. Improv-369
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